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Abstract

Fine-grained image retrieval in scientific domains such
as ecology demands compositional and expert-level rea-
soning that general-purpose VLMs often lack. In this pa-
per, we introduce a two-stage structured reranking pipeline
that augments queries with web-sourced expert knowledge
and decomposes them into verifiable subquestions using
large multimodal models. Then, images are scored against
these subqueries to produce a final relevance ranking. Our
method consistently boosts retrieval accuracy, especially on
behavioral and contextual queries, while also greatly reduc-
ing manual effort, improving interpretability, and advanc-
ing automated visual search for scientific research.

1. Introduction

Image retrieval plays a central role in many real-world tasks,
from everyday search to scientific analysis. In recent years,
large-scale vision-language models (VLMs) such as CLIP
[24] have made significant progress in zero-shot image re-
trieval. Trained on hundreds of millions of image-text pairs
from publicly available online sources, these models can re-
trieve relevant images for a diverse range of natural lan-
guage queries [28]. They perform especially well when
queries describe common concepts or scenes that are fre-
quently represented or similarly expressed in training data
[24, 28].

However, zero-shot VLMs often struggle with queries
that require fine-grained semantic understanding beyond
broad scene recognition. They frequently fail on tasks in-
volving compositional or relational reasoning, such as se-
mantic role reversals (“a horse eating grass” vs. “grass eat-
ing a horse”), negation (“cat on mat” vs. “cat not on mat”),
and spatial relations (“dog behind tree” vs. “tree behind
dog”) [1, 18, 25, 32]. Benchmarks like ARO highlight these
weaknesses by generating negative captions that swap at-
tributes or word order, showing that state-of-the-art models
misinterpret such distinctions [45].

Figure 1. An expert wants to search iNaturalist for “elk bugling
during the rut”. When images are labeled with only a species
name, retrieving such specific behavioral or contextual informa-
tion becomes challenging, and we miss valuable secondary data.

These compositional and relational reasoning failures
are especially problematic in scientific image search, where
queries combine multiple specialized concepts and require
detailed visual evidence. In ecology, for example, re-
searchers rely on large image datasets to document be-
haviors, monitor individuals, and assemble training data
[26, 42]. Unlike generic image search for “a bird,” scien-
tists must answer research-driven questions. An ornitholo-
gist might query “juvenile and adult birds in courtship dis-
play” [35], requiring identification of both age classes and
specific behaviors. A conservationist searching for “a Cali-
fornia condor tagged with green 26” [35] must locate a rare
species and read small numbered tags on moving animals,
demanding precise reasoning across multiple visual and se-
mantic cues.

Meeting these information needs depends on the avail-
ability of large, well-annotated image datasets. Platforms
like iNaturalist host over 250 million user-contributed bio-
diversity images [11], but most are minimally labeled, typ-
ically only with a species name, timestamp, and GPS lo-
cation [34]. As a result, rich “secondary data” [22]—such
as behavior, habitat, or physical context—remains unanno-
tated and difficult to access, as shown in Figure 1. Extract-
ing this information at scale is labor-intensive and requires
expert review [42]. Unfortunately, general-purpose models



often fail to interpret expert-level queries, returning results
that may appear superficially relevant but miss the scientific
intent [23, 32, 41, 45]. A system capable of understanding
and responding to complex queries would unlock significant
value for ecological research and dataset curation.

1.1. Reranking
Addressing expert information needs necessitates advanced
retrieval strategies. Real-world pipelines in both document
[15, 19] and image retrieval [36, 44] often employ a two-
stage process: an inexpensive initial retrieval of a broad
candidate set, followed by a more sophisticated but costlier
reranking of the top results, a subset of the candidates. The
reranking stage is where there is still significant room for
improvement, especially in specialized domains [27, 43].
While initial retrieval aims to identify relevant items from
the entire dataset, reranking refines a smaller set of candi-
dates. This refinement is critical in expert contexts, where
relevance often depends on fine-grained, domain-specific
cues. Reranking enables deeper reasoning over a limited
set of plausible items, incorporating context and structured
analysis that would be impractical to apply at full scale [48].
For expert users, this mirrors real-world search workflows:
scientists often begin with an approximate result set and it-
eratively refine it using more detailed criteria.

Despite the narrowed candidate space of the reranking
stage, performance remains limited in expert-level tasks.
For instance, the recent INQUIRE benchmark, discussed in
Section 4, has shown that even state-of-the-art multimodal
large language models (LLMs) achieve mean average pre-
cision below 50% on their reranking tasks [35], falling sub-
stantially short of a perfect 100% ranking.

1.2. Contributions
We address two main challenges in expert-level image re-
trieval: the need for specialized background knowledge and
the requirement for fine-grained, compositional reasoning
over visual content [38, 40]. Our key insight is that expert
queries are often implicitly composed of multiple visual
subquestions, each of which could be evaluated indepen-
dently [3, 14, 47]. We propose a novel two-stage pipeline
for expert-level image reranking that:
1. Enriches the LLM context with background knowledge

by retrieving relevant textual information from a web
search that provides scene description and clarifies spe-
cialized or ambiguous terminology.

2. Decomposes complex queries by prompting an LLM to
generate discrete yes/no subqueries, each targeting a dis-
tinct aspect of the original complex query (e.g., species
identity, behavior, or environmental context).

3. Performs evaluation using the vision capabilities of Ope-
nAI’s GPT-4 proprietary models to evaluate each candi-
date image against the generated subqueries.

Subquery-level predictions are aggregated into a final rel-
evance score, which we use to rerank the initial retrievals.
We find that our approach yields consistent improvements
in retrieval accuracy. In addition to performance gains, this
structured reranking procedure provides interpretable inter-
mediate outputs, making the model’s decision process more
transparent to the user.

2. Related Work
VLMs for Retrieval. Modern text-to-image retrieval sys-
tems build upon three decades of research in multimodal
representation learning and information retrieval. The IN-
QUIRE benchmark [35] represents a recent advancement in
expert-level retrieval evaluation for natural world queries.
Early contrastive learning approaches like CLIP [24] es-
tablished the paradigm of joint vision-language embedding
spaces, enabling zero-shot retrieval through cosine simi-
larity comparisons. Subsequent work improved alignment
quality through scaled training [5] and noise-resistant ob-
jectives [46], with models like ALIGN [13] demonstrating
the value of web-scale pretraining. Domain-specific adap-
tations have proven particularly valuable in ecological ap-
plications, with BioCLIP [30] and WildCLIP [9] extend-
ing foundation models to taxonomic recognition tasks. The
iNaturalist dataset [34] has served as a critical testbed for
these developments, with its 2024 iteration providing un-
precedented scale for training and evaluation [35].

Reranking in Text-to-Image Retrieval. Reranking has
emerged as a critical component in retrieval pipelines,
especially for expert-level queries where initial retrievals
may be noisy or insufficiently precise. This process has
been increasingly adopted in the vision-language domain,
where transformer-based rerankers refine initial candidate
sets by modeling global and local feature interactions [31].
The INQUIRE benchmark introduced a dedicated reranking
task (INQUIRE-RERANK) to isolate and evaluate this stage,
showing that advanced models like GPT-4V and GPT-4o
can substantially improve over CLIP’s initial rankings, yet
still are far from manual expert-level performance [35].

Recent work has explored the use of LLMs as rerankers,
leveraging their reasoning capabilities to assess candidate
relevance more holistically. Iterative query refinement
through conversations with LLMs improves reranking [16],
while knowledge-enhanced reranking with MLLMs [6] in-
corporates external information, paralleling our expert con-
text injection (Section 3.1). Nonetheless, reranking remains
a bottleneck for expert-level ecological queries.

Structured Reranking for Expert Queries. Structured
reasoning pipelines have emerged as a promising strategy
for tackling the compositional complexity of expert-level



Figure 2. Overview of our reranking pipeline. The query is decomposed with retrieved context. Then, each candidate image is
then assessed on the subqueries. These per-subquery decisions are aggregated into a final score that produces the reranked list
of images.

image retrieval. In ecological domains, where queries often
involve fine-grained species identification, behavioral con-
text, and visual attributes, traditional retrieval models fre-
quently fall short. The INQUIRE benchmark [35] illustrates
these limitations: while reranking with large VLMs like
GPT-4o significantly improved performance over CLIP-
based baselines, the best model (GPT-4o) still achieved only
47.1 mean average precision. Performance degraded further
on semantically dense queries, particularly those requiring
morphological precision or domain-specific terminology.

However, recent advancements in multimodal reasoning
highlight the benefits of decomposing complex queries into
simpler, visually verifiable components [14]. In retrieval-
augmented generation (RAG), OmniSearch [2] represents
a self-adaptive retrieval agent that dynamically plans each
retrieval action based on the question’s solution stage and
current retrieval content. This approach reflects human-
like reasoning by decomposing complex questions into sub-
question chains [40]. Relatedly, ViLBench [33] uses super-
vised reward models to provide detailed step-wise feedback.

The Multi-Attribute Composition (MAC) bench-
mark [39] further underscores the challenges faced by
models when handling objects with multiple interrelated
attributes. With its comprehensive attribute annotations,
MAC emphasizes the need for models that can reason about
nuanced, multi-attribute compositions.

Applying structured reasoning strategies to ecological
domains is particularly promising. Ecological queries of-
ten involve intricate combinations of species identification,
behavioral context, and environmental attributes. By inte-
grating generated expert context, decomposing queries into
explicit subcomponents, and using structured prompt se-
quences, our approach aligns more closely with the hier-
archical validation processes used by domain experts.

3. Methodology

We propose a structured reranking pipeline that augments
the original query with expert textual context, decomposes
it into a small set of visually verifiable subqueries, and uses
a multimodal model to assess a candidate image against
these subqueries. The resulting subquery-level predictions
are aggregated into a final relevance score. This score is
then used to re-order the initial set of k retrieved candidate
images (which contains a mix of relevant and irrelevant re-
sults), with the goal of placing the relevant images at the top
of the re-ranked list. Figure 2 overviews this process.

3.1. Expert Context Injection

In fine-grained image retrieval tasks, a primary challenge
lies in bridging the knowledge gap between general-purpose
vision models and expert-level understanding of special-
ized concepts. To bridge this gap, we introduce expert con-
text injection, a retrieval-augmented approach that enriches
queries with relevant domain-specific context. This injects
essential background knowledge directly into the LLM’s
context for accurate subquery generation and answering.

For each query, we use Perplexity’s web search API,
Sonar, to fetch a concise explanatory passage that defines
key terms and highlights distinguishing visual characteris-
tics. For example, for the query “Water frogs in amplexus
position”, the retrieved Perplexity context might clarify that
amplexus refers to “a mating position in frogs and toads
where the male grasps the female from behind, fertilizing
eggs as they are released.”

This context is prepended to all prompts in our pipeline
when querying GPT-4.1. We use GPT-4.1 because it offers a
larger context window, improved instruction-following ca-
pabilities, and lower costs compared to models like GPT-



Algorithm 1 Expert-Guided Reranking Pipeline

Require: Query q; candidate image set I = {I1, . . . , IK}
1: Cq ← PERPLEXITYWEBSEARCH(q) ▷ Retrieve expert context.
2: Sq ← LLM GENERATESUBQUERIES(q, Cq) ▷ Generate subqueries {s1, . . . , sn}.
3: for each image Ii ∈ I do
4: history← [] ▷ Initialize Q&A history.
5: for each subquery sj ∈ Sq do
6: (aij , pij)← LLM ANSWERQUERY(sj , Ii, q, Cq, history)
7: Append (sj , aij) to history
8: end for
9: Si ← 1

n

∑n
j=1 pij ▷ Aggregate confidence scores.

10: end for
11: return Images sorted in descending order of Si

4o, making it especially effective for our workflow [21].
This technique draws on broader work in RAG, which has
been shown to improve LLM performance on knowledge-
intensive tasks without additional fine-tuning [12, 17]. Our
use of GPT-4.1 is consistent with the INQUIRE baseline,
where proprietary models substantially outperform open-
source ones on ranking tasks [35].

3.2. Subquery Generation
Along with expert context, we decompose complex domain-
specific queries into smaller components. This decompo-
sition addresses a key challenge in expert-level image re-
trieval: queries often contain implicit compositional re-
quirements that must all be satisfied simultaneously.

GPT-4.1 transforms an original query into 2-3 binary
subqueries that collectively capture its semantic intent and
follow a logical, hierarchical progression. For example, for
the query “Water frogs in amplexus position”, the pipeline
could first generate “Does this image show Water Frogs?”
to confirm the subject’s identity. Then, a second subquery
would verify the specific behavior: “Are the water frogs in
a position where one is on top of the other, gripping with its
forelimbs?”, leveraging expert context and converting ab-
stract details into a visually verifiable format. Each sub-
query is a yes/no question answerable through visual evi-
dence alone.

We limit subqueries to two or three based on empirical
testing showing diminishing returns with additional ques-
tions. For further guidance, Appendix 8.1 contains a visu-
alization of the subquery generation thought process.

3.3. Subquery Answering
Given a candidate set of images {I1, I2, . . . , IK} retrieved
by a base model (following the INQUIRE benchmark, we
use CLIP ViT-H/14 [35]), we evaluate each image against
the set of subqueries generated in the previous stage. Each
subquery sj is a yes/no question designed to isolate a spe-
cific visual criterion derived from the original query q. Our

goal is to determine, for each image Ii, whether it satisfies
a specific subquery and with what level of confidence.

To do this, we use GPT-4.1’s multimodal capabilities to
assess answering each subquery sj with the image Ii, where
i = 1, · · · , 100. Each prompt includes the original query
q, the expert context paragraph Cq , the subquery sj , and
the candidate image Ii. The model is instructed to answer
with either “Yes” or “No,” accompanied by a natural lan-
guage reasoning explanation (i.e., using chain-of-thought).
For scoring, however, we extract only the binary answer and
the model’s confidence in it.

To quantify confidence, we draw inspiration from se-
lective prediction work on calibrated VLM confidence es-
timates, which prompt models to self-verify their answers
[29]. We adapt a similar idea by directly leveraging GPT-
4.1’s token-level output probabilities. Specifically, we ex-
tract the logits associated with the tokens “Yes” and “No”
from the model’s top-20 predictions and pass them through
a softmax to yield a scalar confidence score.

pij =
exp(logit

(Yes)
ij )

exp(logit
(Yes)
ij ) + exp(logit

(No)
ij )

× 100,

where pij ∈ [0, 100] represents the model’s confidence that
image Ii satisfies subquery sj . A score close to 100 indi-
cates high confidence in “Yes,” while a score near 0 reflects
confidence in “No.” In cases where neither token appears
in the top-20 logits of an individual subquery, we default to
scoring as if the answer is “No” to minimize false positives.

3.4. Subquery Chaining and Final Reranking
To leverage the inherent dependencies among subqueries,
we implement a chaining strategy. When evaluating a given
subquery sj+1 on a specific image Ii, the LLM’s context is
augmented with the set of all previous subqueries (for the
original query at hand) and their corresponding generated
answers, {(sk, aik)}jk=1. Here, sk denotes the kth subquery
and aik represents the answer to subquery sk specifically



(a) BASELINE (Direct Query): The model is asked, “Does this image show
{query}? Answer with yes or no.” No subqueries or additional background
context are provided. This matches the original INQUIRE reranking method,
after replacing the earlier GPT-4V with newer GPT-4 variants.

(b) SUBQUERIES ONLY: The model is prompted with a sequence of auto-
matically GPT-4.1-generated subquestions (subqueries) that break the query
into verifiable visual components. Each one is answered independently. No
expert context is supplied.

(c) CONTEXT ONLY: The model receives an explanation describing the
visual criteria necessary to satisfy the query, generated with Perplexity web
search, but is asked only the original undecomposed query.

(d) SUBQUERIES + CONTEXT (Full Model): The model is prompted with
both the expert context and the full set of subqueries. This setting represents
our complete reranking pipeline and allows the model to leverage structured
guidance alongside domain-specific background knowledge.

Figure 3. Baseline and ablation setups.

for image Ii. This sequential context allows the model to
build on prior information, reducing irrelevant reasoning by
guiding its assessment (e.g., confirming presence of a bird
before assessing if the bird is flying).

Each subquery response yields a confidence score pij .
We then compute an overall relevance score for image Ii as
the mean of its n subquery confidences:

Si =
1

n

n∑
j=1

pij .

Images that satisfy all subqueries achieve scores near
100, while any low-confidence answer lowers the average
proportionally. Finally, we sort the candidates {Ii} in de-
scending order of Si, producing a reranked list that places
the most query-relevant images at the top. See Appendix
8.2 for a visual representation of top-k ranking for a given
query. The full inference-time pipeline is summarized in
Algorithm 1.

4. Experimental Setup

4.1. Dataset and Queries

We evaluate our method on the INQUIRE benchmark, which
provides a testbed for assessing reranking performance on
challenging ecological queries. This benchmark was intro-
duced to systematically evaluate the limitations of VLMs
in expert settings. The INQUIRE-RERANK task, which we
focus on, comprises 160 expert-authored queries. For each
query, the benchmark includes a fixed set of 100 candidate
images, which were initially retrieved using zero-shot CLIP
ViT-H/14 [8] from the entire five-million-image iNaturalist
2024 dataset (iNat24) [35]. Domain experts have already
classified each of these 100 candidate images as either rel-
evant or not relevant to the query, focusing on ecologically
meaningful content such as animal interactions, rare mor-
phologies, and complex visual scenes.

The 160 queries span four semantic supercategories:



APPEARANCE, BEHAVIOR, CONTEXT, and SPECIES. We
exclude the six SPECIES queries from our primary analysis
due to insufficient sample size, focusing on the remaining
154 queries. To further characterize query difficulty, we
introduce another axis of stratification based on linguistic
complexity. Queries containing specialized scientific ter-
minology (e.g., frogs in amplexus, osmeterium eversion)
are manually designated as LINGO, while those phrased
in more colloquial or accessible English (e.g., caterpillar
showing orange horns) are designated as NON-LINGO. Ta-
ble 1 summarizes the distribution.

Supercategory Total count Non-lingo Lingo

Appearance 52 43 9
Behavior 59 54 5
Context 43 39 4

Total 154 136 18

Table 1. Number of queries in each supercategory, split by lan-
guage complexity.

4.2. Reranking Experiments
For reranking, each query is paired with the same 100 CLIP-
retrieved candidate images. We instantiate our framework
using Perplexity to generate expert-informed context para-
graphs and GPT-4.1 to perform subquery-based image eval-
uation. We evaluate multiple experimental variants of our
method, as summarized in Figure 3.

5. Results and Discussion
Our evaluation of reranking methods on our 154 queries re-
veals category-dependent trends in retrieval performance,
as well as effects of query decomposition and contextual
augmentation. All results are reported as mean AP@100
with standard error, and are stratified by query supercate-
gory (APPEARANCE, BEHAVIOR, CONTEXT) and linguis-
tic complexity (LINGO vs. NONLINGO).

Figure 4 summarizes the overall performance of each
reranking strategy. Our SUBQUERIES + CONTEXT method
is the highest-performing, highlighting the synergy of our
proposed techniques from Section 3.

Since the release of INQUIRE in late 2024, no retrieval
methods beyond the original dataset paper have yet reported
results on this benchmark. Our work marks the first explo-
ration of structured reranking on INQUIRE and establishes
an initial reference point for future research.

5.1. Stratification Rationale
We stratify queries by both supercategory and linguistic
complexity to target areas where VLMs tend to underper-
form. Among the supercategories, we particularly look

Figure 4. Mean AP scores across all queries for each reranking
method. The SUBQUERIES + CONTEXT pipeline achieves the
highest mean AP (66.9), outperforming the baseline (64.0), using
subqueries alone (61.1), and using context alone (64.2).

to BEHAVIOR and CONTEXT for improvement, as these
queries encode compositional scenes whose elements (e.g.,
specific behaviors, object interactions) are more likely to be
represented and learned from the vast web-scale datasets on
which pretrained multimodal models are trained. For ex-
ample, we can decompose queries like “A male and female
cardinal sharing food” into precisely defined components
that models can more easily identify.

In contrast, APPEARANCE queries often hinge on sub-
tle morphological differences such as color variants, mark-
ings, or sexual dimorphism (e.g., “Tropical Orb Weaver
with multiple white spots in the abdominal dorsum”, “adult
male Misumena vatia”). These distinctions demand fine-
grained anatomical localization and taxonomic knowledge,
presenting greater challenges for VLMs trained on general-
purpose data.

The LINGO versus NON-LINGO categorization allows
for further probing. This stratification enables us to assess
whether reranking can provide improvements across both
expert-facing (LINGO) and more common-language (NON-
LINGO) queries.

5.2. Supercategories
To parse our results, we look at performance by query su-
percategory and linguistic complexity in Figures 5 and 6,
respectively.

CONTEXT Queries. The joint SUBQUERIES + CON-
TEXT method yields the largest gains for CONTEXT queries,
with an AP@100 of 76.5, compared to 71.1 for the baseline.
Improvements are present for both NON-LINGO queries
(+5.6 points) and LINGO queries (+3.8 points).



Figure 5. AP scores for each supercategory (CONTEXT, BEHAVIOR, APPEARANCE) across different experi-
mental methods. Combining subqueries with expert-provided context consistently outperforms baselines for
BEHAVIOR and CONTEXT, but not for APPEARANCE.

BEHAVIOR Queries. For BEHAVIOR queries, SUB-
QUERIES + CONTEXT also leads to a clear improvement
(68.3), outperforming the Baseline (64.4). Notably, the ben-
efit for LINGO (+5.1 points) exceeds that for NON-LINGO
(+3.8 points) queries, reflecting the method’s ability to re-
solve compositional and technical requirements by decom-
posing queries and grounding them in expert context. Error
bars indicate some variability, but the gains are nonetheless
significant.

APPEARANCE Queries. APPEARANCE queries are the
most challenging, with all methods generally achieving
lower scores and larger error bars than the other supercat-
egories, particularly for LINGO queries. The blended SUB-
QUERIES + CONTEXT method did not outperform alter-
natives; CONTEXT ONLY improved performance by +6.3
points relative to the baseline. This suggests that subquery
decomposition may have diluted query precision or intro-
duced ambiguity, while context augmentation alone better
preserved relevant cues.

5.3. Linguistic Complexity

When the full reranking pipeline is applied, LINGO queries
in the CONTEXT and BEHAVIOR categories see the largest
absolute gains. This indicates that structured decomposi-
tion and expert context are especially beneficial for semanti-
cally dense or ambiguous queries, where the model’s default
knowledge is insufficient. The technical or specialized lan-
guage of LINGO queries often encodes multiple composi-
tional requirements (e.g., species, behavior, context) or uses
domain-specific terminology that general-purpose models

struggle to interpret. Injecting expert context and decom-
posing queries into visually verifiable subcomponents al-
lows the pipeline to resolve these ambiguities. While ben-
efits for NON-LINGO queries are clear, they are not always
as dominant.

Interestingly, NON-LINGO queries, typically phrased
in accessible language, tend to underperform relative to
LINGO ones, at least more so than one might expect (Figure
6). While NON-LINGO queries can appear simpler, their
reduced technical precision often introduces ambiguity to
the model. Consider the following real examples from our
dataset:
• “measuring the body dimensions of a bee”: “Measuring”

is an abstract human action, difficult for VLMs to visually
verify without explicit context (e.g., a ruler, human hands
using a ruler).

• “A Eurasian Red Squirrel gathering material for its
nest”: “Gathering material” is a broad action lacking spe-
cific visual cues (e.g., the type of material, how it’s car-
ried, whether or not the nest must be visible in the image).
Such general phrasing can lead to discrepancies between
an expert’s precise interpretation and a VLM’s broader
understanding.

• “Mexican grass-carrying wasp visiting a flower”: “Vis-
iting” is a vague term, allowing for many visual interpre-
tations that may not match the user’s specific intent (e.g.,
landing, flying near or in front of, pollinating).
From the prior examples, it is evident that NON-LINGO

queries can omit important details or use colloquial phras-
ing that fails to specify all relevant constraints, leading to a
broader or less well-defined candidate set. As a result, even
with structured reranking, the model may struggle to con-



Figure 6. Mean AP scores for linguistic complexity for (left) CONTEXT, (middle) BEHAVIOR, and (right) APPEARANCE queries. Rerank-
ing improvement holds across query types, though the magnitude of gain depends on query features.

sistently identify the most relevant images, especially when
multiple plausible interpretations exist.

5.4. Ablation Insights

SUBQUERIES ONLY. While introducing structure, this
method can generate queries that miss crucial context
or even contradict the query’s intent. For example, for
the query “albino American robin”, generated subqueries
sometimes asked about an “orange-red breast”—a trait by
definition absent in albino animals. Decomposing queries
without expert context can also introduce noise, especially
when the original query is already atomic or when visual
discrimination is the primary challenge.

CONTEXT ONLY. Contextual augmentation alone gener-
ally matches or exceeds the baseline but rarely meets the
performance of the SUBQUERIES + CONTEXT approach.
Without explicit decomposition, the model must still rea-
son over the entire query at once, making it more likely
to miss compositional constraints or subtle distinctions that
subqueries capture.

SUBQUERIES + CONTEXT. We directly address the
weaknesses of the prior ablations by ensuring each sub-
query is grounded in expert knowledge through the gener-
ated context paragraph and targets the most relevant visual
features, so that their collective satisfaction accurately re-
flects the image’s overall relevance to the main query. Re-
turning to “albino American robin”, with context added,
subqueries correctly focus on white feathers and the pres-
ence of pink or red eyes.

6. Limitations and Impact

Our dataset size limits statistical power for rare query types.
Subquery decomposition also assumes attributes of interest
are visible; in practice, posture or occlusion could hide key
traits. Consistent with literature, we find retrieval perfor-
mance can be sensitive to query phrasing [37]. For further
stability, a “3×” voting scheme (three evaluations per image
with a majority vote) could be used.

Our study relies on proprietary models, as budgeting
constraints limited broader model evaluation. Preliminary
experiments showed smaller or alternative models (e.g.,
GPT-4.1-mini, -4o, -o1) underperformed or were less cost-
effective, motivating our focus on GPT-4.1. Further com-
parisons remain important in future work.

By showing that structured subqueries with web-
searched context deliver substantial improvements, this
work builds a foundation for reliable automated visual re-
trieval in ecology and related fields. Still, over-reliance on
imperfect context or prompts must be avoided; human over-
sight remains essential for ecological decision-making.

7. Conclusion

We introduced a two-stage reranking pipeline that decom-
poses wildlife queries into structured subquestions with
scene-level context. This approach improves retrieval on
compositional behavioral and contextual queries, though
challenges remain for fine-grained appearance tasks. By
improving reranking accuracy, our method reduces man-
ual effort in behavioral annotation, habitat assessment, and
dataset curation. Future work could explore richer context,
adaptive prompting, and human-in-the-loop refinement to
better support ecological research.
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8. Appendix
8.1. Subquery Strategy
Our approach to subquery generation begins by identifying
the species or object of interest. We then formulate visu-
ally verifiable questions that can be discerned from images
alone, ensuring that each subquery confirms an image’s rel-
evance to the main query. Figure 7 walks through a sample
thought process.

8.2. Reranking Visualization
For reranking, we begin with 100 candidate images. Taking
the query “a nest with eggs displaying brood parasitism by
a cowbird” as an example, we generate a context paragraph
and subqueries. Each candidate is evaluated for binary rel-
evance, and images are then ranked. See Figure 8 for a
visualization.

8.3. Runtime and Cost Analysis
Table 2 summarizes the estimated token counts and costs
for a single query in our pipeline. Each query involves 300
GPT-4.1 answering calls (100 candidates× 3 subqueries, an
upper bound), one subquery-generation call, and one Per-
plexity Sonar call to retrieve web-searched context. Costs
represent an upper bound per query. With reasonable batch-

ing across candidate images, the full pipeline runs in under
15 seconds per query.

Stage Calls Input Output Cost ($)

Perplexity Sonar 1 ∼20 ∼100 0.0001
GPT-4.1 Subq. Gen. 1 ∼1,000 ∼60 0.0025
GPT-4.1 Subq. Ans. 300 ∼121,500 ∼600 0.2478

Total 302 ∼140,500 ∼850 0.2504

Table 2. Estimated token usage and cost per query. Pricing: GPT-
4.1 at $2/M input and $8/M output; Perplexity Sonar at $1/M input
and output.

While the per-query cost is higher than that of traditional
search methods, the trade-off lies in the significant time
saved. Labeling a six-month batch of Snapshot Serengeti
images with species, counts, and basic behaviors—so they
could later be searched by scientists—has required 2 to 3
months of work by thousands of volunteers [20]. Even after
datasets are labeled (if they are labeled with such detail at
all), ecologists often spend hours sifting through search re-
sults, discarding irrelevant images, and verifying matches.
At scale, this burden quickly becomes overwhelming. In
contrast, our system reduces this effort to seconds, pro-

Figure 7. General approach to structuring the subquery generation prompt. The process begins by identifying the species or object of
interest, followed by formulating visually verifiable questions that can be answered from images alone.



Figure 8. Visualization of reranking for the query “a nest with eggs displaying brood parasitism by a cowbird”. Relevant images (green)
are clustered near the top, while non-relevant images (red) follow. The stepwise ranking pattern reflects how many subqueries an image
satisfies: those at the top confidently satisfy all three, while those at the bottom satisfy none. Subqueries are rarely answered ambiguously,
which is why relatively few images appear between the “steps.”

ducing a ranked set of high-confidence results that can be
used immediately. This enables researchers to move quickly
from curation to scientific inquiry, such as analyzing be-
havior, testing hypotheses, or planning fieldwork, without
bottlenecked annotation or searching. In practice, the mod-
est computational cost is far outweighed by the speed and
efficiency gains, and the time saved can ultimately lower
overall project costs [4, 7, 10, 20].

8.4. Prompts and Code
Code and LLM propmts for this paper are available at:
github.com/asmikumar/rerank-ecological-images

https://github.com/asmikumar/rerank-ecological-images
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