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Abstract

Finding evidence for human opinion and behav-

ior at scale is a challenging task, often requiring

an understanding of sophisticated thought pat-
terns among vast online communities found

on social media. For example, studying how

gun ownership is related to the perception of

Freedom, requires a retrieval system that can

operate at scale over social media posts, while

dealing with two key challenges: (1) identify-
ing abstract concept instances, (2) which can

be instantiated differently across different com-
munities. To address these, we introduce CON-
CEPTCARVE, an evidence retrieval framework
that utilizes traditional retrievers and LLMs to
dynamically characterize the search space dur-
ing retrieval. Our experiments show that CON-
CEPTCARVE surpasses traditional retrieval sys-
tems in finding evidence within a social media
community. It also produces an interpretable
representation of the evidence for that commu-
nity, which we use to qualitatively analyze com-
plex thought patterns that manifest differently
across the communities.

1 Introduction

Human behavior and opinion are notoriously com-
plex, particularly when mining textual resources
in order to understand them (Kang et al., 2023;
Paulissen and Wendt, 2023; He et al., 2024). If
done well, a system that accurately quantifies hu-
man opinion at scale could supplement expensive
polls and potentially reduce reliance on them. Like-
wise, it could demonstrate patterns in preferences
like dietary habits (Pilaf et al., 2021; Hashimoto
et al., 2024) or vaccine hesitancy (Zhang et al.,
2023; Qorib et al., 2023). These patterns, which
we refer to as trends, capture the collective ten-
dencies, attitudes, beliefs, or behaviors within a
specific community or context. However, due to
the complexity of human thought and expression,
finding and quantifying supporting textual evidence
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Figure 1: Example of no lexical gap, shallow gap, infer-
ential gap, and domain sensitivity in a retrieval task.

of these trends is difficult, as it requires an under-
standing of what such evidence would look like in
text (i.e. the realization of the evidence).

Realizing evidence requires inferring how peo-
ple express a given trend in text (e.g., when seeking
evidence of people having “freedom”, what kinds
of things would they say?). Additionally, under-
standing the search space itself is crucial for this
inference (the evidence for people having “free-
dom”, is likely to be different across liberal and
conservative communities (Figure 1)). This moti-
vates the need for a method that can adapt to the
search space.

Large Language Models (LLMs) have demon-
strated remarkable reasoning capabilities in recent
years (Brown et al., 2020; Chen et al., 2021; Rae
et al., 2022). Since human analysis of large cor-
pora is infeasible, a strong alternative is an LLM
that analyzes every single textual document and in-
fers its evidential value. However, doing so would
be extremely expensive and time consuming (for
example, even a few hundred thousand posts on
Reddit would cost thousands of dollars to annotate
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using OpenAI’s GPT-40 model).

In contrast, the Information Retrieval (IR) com-
munity has developed light and fast retrieval mod-
els capable of searching enormous corpora with
impressive accuracy (Zhao et al., 2024; Guo et al.,
2022; Zhu et al., 2024). Despite this, these mod-
els continue to struggle in cases when the lexical
overlap between a query and its relevant documents
is low (known as the lexical gap) (Figure 1) (Zhu
et al., 2024). While attempts to address the lexical
gap have shown promise, they overlook domain
sensitivity, a problem that occurs when the mean-
ing of the query is sensitive to the search domain
(e.g. “freedom” for liberals and conservatives), and
can only be addressed by adapting to the domain.

This paper aims to bridge the gap between the
inefficiency of LLMs and the limited inferential ca-
pabilities of IR models, while ensuring adaptability
to specific domains. We leverage the strong reason-
ing capabilities of LLMs to carve out a realization
of a trend’s evidence within a particular community.
We are motivated to use a concept-based method
due to its interpretability and scalability. Cru-
cially, our method does not require LLM inference
on the whole corpus, operating within a fixed bud-
get of LLM tokens which does not depend on
the size of the corpus, making it scalable to large
datasets. Our proposed method incrementally al-
lows an LLM to interact with fast retrievers in or-
der to discover the boundaries of the trend being
searched as it is realized in a community (Figure 3).

Via this process, our method is able to fit the
realization to the community and define a nuanced
representation of it. We call this process CON-
CEPTCARVE, as it is akin to starting with a crude
slab of material and carving out a detailed represen-
tation of a real-life object. After Concept Carving
a trend in human thought patterns, the resulting
representation can be used to (1) quickly retrieve
evidence from a large dataset (for quantification),
and (2) interpret how evidence is realized within a
specific community (qualitative analysis).

Moral Foundations Theory (MFT) is a frame-
work that categorizes the underlying values driving
human moral reasoning, and has been thoroughly
used by social scientists for two decades (Haidt and
Joseph, 2004; Haidt and Graham, 2007; Graham
et al., 2013). These foundations (such as care/harm,
fairness/cheating, and loyalty/betrayal) have been
shown to manifest differently across groups of peo-
ple (Khan and Stagnaro, 2016). Thus, to reveal
the necessity of adaptation to data, we construct

a dataset of Reddit posts, partitioned by several
communities (e.g. liberal and conservative), and
use our approach to find evidence of trends in these
moral foundations among various groups.

We frame ‘finding evidence’ as a reranking task,
wherein CONCEPTCARVE supersedes all base-
lines, achieving a 120.46% relative improvement
in MAP@500 over a dense reranking model, and a
26.03% relative improvement in MAP@500 over
an LLM keyword expansion technique.

To qualitatively analyze the resulting carved rep-
resentations, we show that they can be used to au-
tomatedly detect features that separate two com-
munities for some trend. For example, using our
approach, we looked at the trend in “family mem-
bers not recognizing desire for freedom”, among
liberals and conservatives and note that evidence
of this trend among liberals is realized as discus-
sion of ‘personal identity and space’, while among
conservatives, the evidence is realized as ‘parental
control’ and ‘family recognition’. These analyses
demonstrate that CONCEPTCARVE offers signifi-
cant potential as a tool for both quantifying opin-
ions and capturing their realization across commu-

nities. Our contributions can be summarized as:
1. Introduce CONCEPTCARVE, a method for dy-

namically realizing evidence of a trend within
a community.

2. Introduce a dataset which tests a model’s abil-
ity to deal with (1) inferential gap, and (2) do-
main sensitivity on the evidence-finding task.!

3. Demonstrate that CONCEPTCARVE outper-
forms baselines on the dataset.

4. Use CONCEPTCARVE’s carved representa-
tions to analyze how evidence of moral foun-
dations is realized in various communities.

2 Background and Related Work

IR aims to retrieve relevant documents from large
collections based on user queries.

Inferential Gap: The lexical gap, or vocabulary
mismatch, arises when query and document vocab-
ularies differ. We differentiate between: (1) A shal-
low gap, resolved by simple rewording to increase
overlap, and (2) An inferential gap, requiring com-
plex reasoning and nontrivial inferences (Figure 1).
Our dataset highlights this inferential gap, which
existing datasets do not specifically address.

Several approaches have been proposed to ad-
dress the lexical gap problem using LLMs. Gen-

'We release the dataset at https://huggingface.co/
datasets/ecaplan/conceptcarve
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erally, the retriever component in Retrieval Aug-
mented Generation (RAG) seeks to improve factu-
ality and memory of a generative agent (Gao et al.,
2024). Thus, many works attempt to improve re-
trieval for an information need (Asai et al., 2023;
Jiang et al., 2023b; Ma et al., 2023a; Pham et al.,
2024), emphasizing generation using top results,
not attempting to realize a query within a corpus.
Several works use LLM embeddings or use
LLMs to train smaller retrievers (Wang et al., 2024;
Dai et al., 2022; Ma et al., 2024; Yoon et al.,
2024b,a). These works run orthogonal to our own,
as our method is agnostic to the retriever, leav-
ing room for any improvements from LL.M-based
retrievers. Other works use LLMs not as the back-
bone retriever, but as a tool to reformulate the query
(Wang et al., 2023a; Jagerman et al., 2023). While
very cheap, these methods do not interact with the
retrieved results, relying solely on an LLM’s pre-
diction of relevant results (query expansion).
Domain Sensitivity: We identify the challenge
of adapting a domain-sensitive query to the search
domain, termed ad-hoc domain adaptation to em-
phasize that the retriever must adapt to the data at
every query. Particularly, when there exists an in-
ferential gap, but the inference required to resolve it
is highly dependent on the search domain. Figure 1
demonstrates how the realization of a trend can be
extremely sensitive to the dataset being searched.
Various works tackle domain sensitivity via ei-
ther adapting the retrieval model to the data, or uti-
lizing pseudo-relevance feedback (PRF) (Lavrenko
and Croft, 2001; Lv and Zhai, 2009) during search.
Parametric methods (Saad-Falcon et al., 2023;
Wang et al., 2022; Jiang et al., 2023a; Zhou et al.,
2023; Wang et al., 2023b) adapt the retriever to a
specific domain via training. Domain information
is also added in other ways, as in Thakur et al.
(2022); Siriwardhana et al. (2023). Other PRF
methods use document embeddings to improve
a second retrieval/reranking (Zheng et al., 2020;
Wang et al., 2021; Gao et al., 2022; Shen et al.,
2023), or use an LLM to expand the query with
some interactions (Jia et al., 2024; Weller et al.,
2024b; Chen et al., 2024; Lei et al., 2024).
However, these methods tend to: (1) rely on para-
metric learning; (2) omit recursive refinement of
search components; (3) use small initial document
sets, limiting their ability to characterize the cor-
pus; or (4) lack interpretability because they are not
concept-based, making it difficult to understand the
motivation behind the model’s results.

Concurrently with our work, Weller et al.
(2024a) introduce Promptriever, a retrieval model
designed to be prompted like a language model.
Their method also targets the inferential gap, but
does so by parametrically modifying the model
through training. In contrast, our approach is
concept-based and interpretable, without requiring
changes to the retriever itself.

A few works have created abstract, interpretable
explanations of text corpora (Lam et al., 2024;
Zhong et al., 2023; Wang et al., 2023c¢), while oth-
ers do this by characterizing frames, perspectives,
and stances in a social science setting (Roy and
Goldwasser, 2020, 2023; Ziems and Yang, 2021;
Pujari and Goldwasser, 2021; Pujari et al., 2024;
Pujari and Goldwasser, 2025; Pacheco et al., 2022,
2023; Reuver et al., 2024); however, these methods
do not use retrievers and are limited to downsam-
pling or smaller datasets when using LLMs.

Most similar to our work is Hoyle et al. (2023),
who represent implicit text explicitly for opinion
mining, but must downsample the corpus for LLM
use. Likewise, Ravfogel et al. (2024) search text
via abstract descriptions, though they use an LLM
for data generation to frain an encoder. Both meth-
ods do not address the issue of domain-sensitivity,
which is at the heart of this paper.

3 Problem Formulation

In this section, we describe the formal definitions
of the tasks, then outline our dataset’s construction.

3.1 Task Definitions

An end-to-end (E2E) retrieval task considers a
set of documents D and a set of queries (). The
dataset comes with labeled relevance scores, which
can be formulated as a function p : D x Q@ — R,
where R is the set of real numbers, though most
datasets either work in binary relevance {0, 1} or
other discrete relevance judgments. The retrieval
engine’s task is to approximate p with its own rel-
evance function, which we denote p(d, ¢) for all
pairs (d, ¢). This means that for any pair (d, q), we
want to minimize the distance |p(d, q) — p(d, q)|.
The reranking task is very similar, except that
for each query ¢, a subset of D of size k is selected
by the dataset’s creators beforehand to be reranked,
which we denote D,. Normally, D, is generated
by the top k results of a lightweight, fast retrieval
engine on D using q. The task is to approximate p
with a relevance function pperqni : D X Q — R,
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such that p,erank(d, q) is similar to p(d, q) for all
gand d € D,. In traditional reranking methods,
the reranker uses only D, to rerank documents.
However, we believe that even when reranking D,
there is important information garnered from D
itself. Subtle observations about the dataset may
help inform reranking decisions in a small subset.

We define our task: dataset-informed rerank-
ing (DIR), where the task of producing p,erank
remains the same, but the model has full access
to D while reranking D,. To span multiple do-
mains, in our setting we break D into specialized
sub-datasets D1, D2, ..., Dy and for each, generate
a reranking subset D; , for every query ¢ € Q.

3.2 Dataset Design

To fully demonstrate the utility of our framework,
we desired the following two features: (1) that
the queries require complex inference to relate
them to documents (inferential gap) and (2) that the
same query manifests differently across different
datasets, such as ‘freedom’ in liberal vs. conserva-
tive sub-datasets (ad-hoc domain adaptation).
Reddit: We chose Reddit to be our source of
social media data because (1) it was diverse in top-
ics and user demographics, (2) it was available via
the Cornell ConvoKit project (Chang et al., 2020),
and (3) its segmentation into subreddits enables a
natural way of making online communities into sub-
datasets. ConvoKit allows access up to 10/2018.
Community Definitions: To obtain sub-
datasets, we first defined three pairs of contrasting
communities: liberal/conservative (political ideol-
ogy), urban/rural (population density), and reli-
gious/secular (spirituality). These were chosen for
Reddit availability, distinctiveness, and relevance
to social science, for a total of six communities.
Community Sub-datasets: After defining the
communities, we collected the top 100, 000 sub-
reddits by size from ConvoKit. We concatenated
the subreddit’s name with its description, and used
an sBERT model’s cosine similarity to retrieve the
top 10, 000 most similar subreddits for each com-
munity. We only kept subreddits which the LLM
labeled as ‘predominantly used by the target com-
munity’. We then randomly sampled posts. Table 1
shows the number of posts and subreddits in each
community, and Appendix A provides more de-
tails, including each community’s top subreddits
and community overlap. Finally, we had a large
dataset D, for each community c.
Trends: Independently of the communities and

Community # of Posts (in M) # of Subreddits
Conservative 44.6 268
Liberal 28.2 976
Rural 23.9 485
Urban 199 1221
Religious 15.4 299
Secular 33.6 142

Table 1: Community, number of posts in the dataset,
and number of subreddits sampled to generate it.

our framework, we systematically generated com-
plex, domain-sensitive trends to be our queries. To
ensure they were domain-sensitive, we chose each
query to be a trend based on a moral foundation,
since we know that moral foundations manifest dif-
ferently across communities (Khan and Stagnaro,
2016). First, we created a list of 6 base trends,
each of the form “Increase in belief that people
feel X, where “X” is the positive end of the moral
foundation (caring, fairness, loyalty etc.)

Since we desired an inferential gap, we did
not want simple trends whose evidence could be
determined by discussion topic. Thus, to induce
the queries to be more complex, we defined sev-
eral complexity dimensions: time (how opinions
change over time), relationships (influence of so-
cial connections), evidence (whether opinions are
based on personal or objective sources), emotions
(impact on emotional states), agency (who is acting
or affected), and scope (whether changes occur at
an individual or societal level). Then, we asked an
LLM to qualify each trend with 5 distinct combi-
nations of 2-3 complexity dimensions. The result
was 30 complex, domain-sensitive trends, which
we used as our set of queries ). The full list of
trends can be found in Appendix A.

Reranking Set: To construct the reranking sub-
set D, 4 for each query ¢ and community ¢, a mix of
relevant and non-relevant posts was needed. Since
the trends are so specific, finding relevant posts
was nontrivial. We used the ColBERT retriever
(Khattab and Zaharia, 2020) to form a reranking
set for each pair c, q. For each query, £ = 2000
posts were retrieved from D, to form the sub-
set D, 4. ColBERT was chosen for its speed and
semantic retrieval capabilities, as simpler lexical
searches likely wouldn’t yield sufficient evidence.
The choice of retrieval engine does not affect the
final task since the goal is to rerank the results.

Labeling To label the relevance of each post
in D4, we had an LLM label each d € D.g,
by asking if d is evidence of ¢ (prompt in Ap-
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hiding under there.”

Figure 2: (Left): Concept tree: promoted (green) and demoted (red) concepts. Note that this tree sets the root to the ambiguous
‘Bank’; our Characterizer would have used the full intent. (Right): Concept of “Clear Water”, displayed with its set of groundings.

pendix C, no mention of community ¢). This 0/1
label was used for evaluating reranking. The fi-
nal dataset consists of: (1) 30 independent, com-
plex, domain-sensitive trends, (2) 6 community
sub-datasets Dy a1y Durban,--- (3) 180 sets of 2000
posts, and each post labeled as evidence/not evi-
dence (one set for each trend/community pair).
Human Validation Over 12 hours of human
annotations show 68% agreement with LLM la-
bels and 70% inter-annotator agreement (see Ap-
pendix A). While our goal is to align with LLM
judgments rather than humans’, these results mini-
mally validate the LLM’s judgments for this task.

4 Concept Carve

Here, we define terms used in the CONCEPTCARVE
framework, followed by the framework itself.

4.1 Definitions

Intent: An intent is the user’s goal in retrieval,
expressed as text. In our setting, the intent is
to “find evidence” for a trend in human behavior,
but it could be any goal. For example, “Find evi-
dence that teens are using vaping products in public
schools.” Alternatively, it could be “get ideas,” like
“Give me ideas on how to decorate my room using
minimalism.” Figure 2 shows a complex intent.
Grounding: A grounding is a single string which
can be used as a query with a standard retriever.
Figure 2 (right) depicts several examples.
Concept: A concept is an abstract idea, repre-
sented by a set of groundings (as seen in Figure 2).
For convenience, concepts can be named; though
only groundings are ever used. A concept acts as a
bridge: concrete enough for retrieval (using ground-
ings), yet compact enough for LLM reasoning.
Concept Tree: A concept tree is a tree of weighted
concepts. Positively-weighted concepts are pro-
moted and negatively-weighted concepts are de-

moted. By carefully adding promoted and demoted
concepts, the tree can carve out a complex intent
(Figure 2). For example, it allows for promoting
a broad idea while downplaying certain aspects,
in addition to allowing for iterative refinement by
interacting with the data.

4.2 Framework

The framework consists of the main module, Char-
acterizer, and its submodule, Retriever. The Char-
acterizer interactively grows a concept tree, repeat-
edly using the Retriever to get intermediate results.
Figure 3 gives an overview of the framework.

4.2.1 Retriever

The Retriever utilizes an off-the-shelf retrieval en-
gine, ' and a concept tree T' (which may be par-
tially built) to either rerank or retrieve from a set
of documents D. In the Characterizer section, we
explain how the Retriever’s operations are used
repeatedly to grow a tree. While most retrieval
systems use a query to calculate a document’s rel-
evance score, the Retriever uses a concept tree. T'
can embody some (potentially) complicated idea,
and so we use its concepts’ groundings and the
off-the-shelf retriever E to calculate the score.

To compute the relevance score for a document d
to the tree T', we use all of its concepts’ groundings:
Let C' be the set of concepts in 7', and G, be the
set of groundings for concept c. Let w(c) denote
the weight of concept ¢ in T'. Finally, let pg(g, d)
denote the relevance score assigned by E to d with
grounding g. Then 7"s assigned relevance score to
d is given by equation 1.

=2 2wl

ceC geGe

We simply use the off-the-shelf engine to find
the relevance of the document for each grounding
of each concept, and add them up, weighting them
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Figure 3: CONCEPTCARVE: a concept tree is recursively constructed in steps 1...¢ by alternating between Characterizer
(generates new concepts from intermediate docs) and Retriever (retrieves docs using intermediate trees). Output tree represents
the realization of the input trend within the input community and can be used for evidence retrieval or analyzed directly.

via the respective concept’s weight. We do this
for every document in a small set D, to perform
reranking, as shown in equation 2. We can also
do this scoring for every document in the whole
dataset D, and rank all documents to perform end-
to-end retrieval. When this is the case, the retriever
returns a set of top £ documents according to the
scoring function, as shown in equation 3.

rerank(T, Dy) = {(d, pr(d)) | d € Dy} (2)

retrieve(T, D, k) = top-k{(d, pr(d)) | d € D} (3)

Two things should be noted: (1) demoted con-
cept weights are negative, and hence relevance to
demoted concepts reduces the relevance of a docu-
ment, and (2) the concept tree structure of 7" is not
taken into account when calculating a document’s
relevance to 7T'. That is, the simplicity of the rele-
vance scoring relies heavily on the high quality of
the concepts, groundings, and weights of 7.

4.2.2 Characterizer

The Characterizer grows a concept tree for some
intent over some dataset. At a high level, it does
this by judiciously using an LLLM to inspect re-
trieved documents, forming concepts, and reason-
ing over which concepts should be promoted and
which should be demoted. Importantly, the Char-
acterizer is the only component which requires rea-
soning, and therefore is the only component which
requires an LLM. The input to the Characterizer is
an intent ¢, a dataset D, and a k indicating the size
of each intermediate retrieval. Its output is a carved
concept tree T representing ¢ as it manifests in D.

The algorithm begins with a root concept (single-
node tree), which, when retrieved, should provide

a starting point for the Characterizer. In our imple-
mentation, we create the root by making a concept
whose grounding is just ¢, though any initialization
is possible (as in Figure 2).

To grow out a concept’s children, the Charac-
terizer performs three high-level operations: (1)
ancestor path retrieval: retrieve using an interme-
diate concept tree, (2) envision/explore: cluster the
retrieved documents, creating groups of documents
that support/refute the intent, and (3) concept in-
duction: extract properties from each group and
use them to generate groundings for new concepts
(the new children). To grow the whole tree, these
operations are performed recursively, starting at the
root. We now explain each operation in detail.

Ancestor Path Retrieval: Given a concept c,
we wish to inspect which documents it contributes
to the whole tree’s retrieval. Since ¢ may depend
on other concepts in the tree for its meaning, we
isolate its entire ancestor path—the subtree con-
taining all nodes from the root to c. Then, using
the ancestor path as a concept tree in itself, we
apply the Retriever’s retrieve operation to get the
top k documents from the dataset D that are most
relevant to the path. We call this set D,.¢;.

Envision/Explore: The explore operation aims
to inspect D,¢; and find useful ideas within it, while
the envision operation aims to inspect D,¢; and ex-
pand the search space by introducing new ideas.
First, we cluster D,..; using BERTopic (Grooten-
dorst, 2022). In both operations, the top m clusters
(each with n centroid documents) are presented
to an LLM. In explore, the LLM identifies clus-
ters that support or refute the intent. For envision,
an LLM generates centroids that the LLM deems
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Reranking System @10 @100 @500

P R MAP P R MAP P R MAP
BM25 1320 0.70 030 | 1290 6.10 1.10 | 12.70 27.50  3.80
ColBERT 26.10 130 0.60 | 21.00 920 250 | 16.70 34.80 7.10
ANCE 2370 130 0.60 | 1870 870 220 | 16.00 33.40 6.50
RepLLaMA 1411 053 023 | 1342 504 094 | 1505 29.84 449
Query2Doc + ColBERT 37.28 220 133 | 2657 1342 482 | 19.59 4243 11.37
MultiQuery + ColBERT 2520 133 071 | 1989 949 260 | 1642 3549 7.08
ENVISION ONLY 38.00 2.10 1.20 | 2820 1440 5.10 | 20.70 46.00 12.50
CONCEPTCARVE (depth 1) | 40.11 239 146 | 29.83 1575 5.80 | 21.44 4886 13.81
CONCEPTCARVE (depth 2) | 41.56 2.40 149 | 30.70 16.38 6.10 | 21.78 49.71 14.33

Table 2: Performance on the DIR task. The best is bolded, and the second best underlined.

should support the intent but are missing from the
clusters. The result of both operations is a set of
clusters that either support or refute the intent.

Concept Induction: The final step is to convert
these clusters into concepts, a process we call con-
cept induction. To create a concept, we need a
set of groundings. For supporting clusters, we pro-
vide an LLM with the cluster’s centroids and the
intent ¢, asking it to generate properties explaining
why the documents support . The same process
is done for refuting clusters, explaining why they
do not support i. The LLM then synthesizes these
properties into artificial documents, which serve
as the groundings for the new concept. For conve-
nience, the LLM also names the concepts, though
the names are not used in retrieval.

Weighting: The weighting scheme chosen
gives lesser weights to children than parents, en-
sures equality among siblings, and normalizes the
weights. Intuitively, this means that a subconcept
can only partially counteract its superconcept. De-
tails are in Appendix B.

Reranking: Finally, since we wish to use the fi-
nal concept tree ' for reranking a set of documents
D, we can simply call rerank(T, D).

5 DIR Evaluation

MAP for Reranking Task

0.200 A

—e— BM25 A
0.1751 ColBERT .
0.150 | ~% ANCE o

—&— Query2Doc o~
0.1254 --#- MultiQuery ’f_"‘

--m- Envision Only s 4
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0.000

@10 @50 @100 @500 @1000

Figure 4: MAP@k on DIR task.

This section details Dataset-informed Reranking
(DIR), performed on the constructed dataset.

CONCEPTCARVE allows various tree configura-
tions. We can limit the promoted (PBF), demoted
(DBF), and envisioned branching factors (EBF), as
well as tree depth. After pilot tests, we set PBF,
EBF, and DBF to 5, with a maximum depth of 2,
since concept weights diminished beyond that. For
reranking, we only used promoted concept nodes,
as the benefit of demoted concepts in reranking was
not seen (see end-to-end retrieval as to why).

Our baselines were as follows. BM25: (Robert-
son et al., 1994) a lexical retrieval model. ANCE:
(Xiong et al., 2020) a dense, exact search bi-
encoder model. ColBERT: (Khattab and Zaharia,
2020) a late interaction retriever. Query2Doc
+ ColBERT: (Wang et al., 2023a) an LLM ex-
pands the query into a hypothetical document, then
reranks with ColBERT. MultiQuery + ColBERT:
(Chase, 2022) an LLM rewrites the query three
times, then reranks using ColBERT on all three.
RepLLaMA: (Ma et al., 2023b) a dense retriever
which uses LLaMA-2-7B as its backbone. ENVI-
SIONONLY: a version of CONCEPTCARVE where
concepts come only from the envision operation
(what the LLM sees as missing from intermediate
results). Reproducibility details in Appendix D.

DIR Results: Table 2 and Figure 4 show that
CONCEPTCARVE outperforms all baseline rerank-
ing models. Models using an LLM, including the
ENVISIONONLY and Query2Doc, significantly out-
perform dense and lexical models, highlighting the
LLM’s ability to address the inferential gap. Both
CONCEPTCARVE models, especially at depth 2,
surpass ENVISIONONLY and Query2Doc, demon-
strating the benefit of interacting with the data dur-
ing tree construction. This shows the utility of the
explore operation and the ability of the dataset to
test ad hoc domain adaptation. Finally, depth 2
slightly outperforms depth 1, indicating that explor-
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Retriever P@5 P@10 P@50 P@100 P@500 P@IK
ColBERT 27.8 254 225 209 16.7 14.9
CC(+) 308 342 298 258 19.8 17.9
CC(+—-) 342 329 30.7 269 204 18.0

Table 3: Performance on the end-to-end retrieval task,
with (4+—) and without (+) demoted concepts.

ing more concepts improves trend realization.

Generality and Dataset Diversity: While our
evaluation uses a single data source (Reddit), the
dataset spans over 3,000 subreddits within a wide
range of domains, including politics, religion, hob-
bies, employment, education, and online culture.
This results in over 165 million posts for tree con-
struction and 360,000 for reranking. The diversity
in topic, style, and community norms offers a broad
and challenging testbed for evidence realization.
Notably, CONCEPTCARVE operates without any
training or tuning, using only an off-the-shelf Col-
BERT retriever and an LLM, yet performs very
well across this diverse data. We argue that this set-
ting provides strong evidence of the framework’s
capacity to generalize across communities and top-
ics in the task of realizing evidence of human be-
havior and opinion.

6 Discussion and Analysis

We detail E2E retrieval analysis, a qualitative anal-
ysis of the trees, and the costs of CONCEPTCARVE.

E2E Retrieval: Demoting concepts in pilot ex-
periments didn’t improve reranking. This may
be because the reranking set was made from Col-
BERT’s top 2000 results, which were already
aligned with the trend, lacking noise to be removed.
To test this, we performed E2E retrieval using con-
cept trees with, and without demoted concepts. In
reranking, the document set is fixed, but here we
measure how many ‘evidence’ examples are re-
trieved, using only P@k as a metric, labeling on
the fly. Since such labeling is expensive, we used
24 trend-community pairs (48K posts), and analy-
sis was limited to testing demoted concepts.

E2E Results: Table 3 shows the E2E results, ab-
lating the demoted concepts. The results show that
including demoted concepts slightly improves the
precision of the retrieved results. We hypothesize
that the improvement is small since the retrieval
process is very sensitive to the weighting difference
in promoted and demoted concepts. Despite this,
the results support our hypothesis that demoted
concepts reduce the relevance score of irrelevant

posts when retrieving from the full dataset.
Concept Tree Qualitative Analysis: We show
that concept-carved trees provide interpretable real-
izations of trends across communities. To compare
communities, we construct concept trees for the
same trend within opposing communities (e.g., ru-
ral vs. urban). During construction, each concept
is grounded via concept induction, where an LLM
identifies key properties that make evidence “sup-
porting.” These are then analyzed to extract polar-
ity—differences in evidence priority between com-
munities (e.g., “mentions/does not mention mental
health™). These polarities are visualized to high-
light how communities realize evidence differently.

No mention of social
media influence
10

— Rural Score
Urban Score

Family prioritizing
superficial image
over genuine
relationships

Conflict with
traditional family
expectations

Conflict with
family's focus on
image and
materialism

Family imposing
traditional values

Emphasis on social
media affecting
family dynamics

Figure 5: Trend: “Increase in frustration with family members
who seem to prioritize personal ambitions over traditional
family values.”

In Figure 5, we compare the concept trees for
the rural and urban communities. Using the trees’
properties, an LLM identifies polarities and scores
their usefulness in identifying evidence for the
trend in each community. The spider plot shows
that, for the urban community, social media effects
strongly indicate evidence. In contrast, rural evi-
dence emphasizes conflict over traditional family
expectations, while urban evidence focuses on con-
flict related to a family’s image. Plots for other
trends/communities are in Appendix E. This anal-
ysis reveals both hiow CONCEPTCARVE retrieves
evidence, and qualitatively demonstrates that the
trees represent each community’s realization.

Cost Analysis: CONCEPTCARVE’s cost in-
cludes characterization and retrieval. The Charac-
terizer’s dominant cost is the number of LLM calls,
measured asymptotically in input tokens. With B
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as the branching factor, m as the clusters shown
during envision/explore, and n as the centroid
documents per cluster, the Characterizer’s cost
is O(B%n + Bmn). In our implementation, this
equates to ~20,000 tokens per tree, independent
of dataset size and number of reranked/retrieved
documents k. Thus, while our method incurs a
higher initial query cost, it scales efficiently to mas-
sive datasets. Retrieval cost, measured in retriever
calls, is O(C xy), where 1y is the number of ground-
ings per concept and C is the total number of con-
cepts. Appendix F provides detailed derivations
and examines accuracy trade-offs.

7 Conclusion

We introduced CONCEPTCARVE, a retrieval frame-
work that combines traditional retrievers with LLM-
guided concept construction to adapt to specific
communities. It addresses two major challenges in
evidence retrieval: the inferential gap and ad-hoc
domain adaptation. Unlike LLM-based query ex-
pansion or embedding methods, CONCEPTCARVE
iteratively builds a concept tree, leading to stronger
performance and greater interpretability.

Our experiments show that CONCEPTCARVE
outperforms both traditional and LLM-augmented
baselines, despite using no training or fine-tuning.
Its effectiveness across a large, diverse dataset high-
lights its potential for retrieving and analyzing how
communities express complex opinions and behav-
iors.

Future work includes refining concept weight-
ing schemes and exploring how trends evolve over
time or align with real-world events. We hope this
framework inspires further research at the intersec-
tion of retrieval, reasoning, and human-centered
analysis.

Limitations

The Reddit data used in our experiments does not
represent the full spectrum of online discussions,
limiting the generalizability of our results to other
platforms or domains. Additionally, LLMs were
used extensively for data annotation, which intro-
duces potential biases inherent in these models.
While we manually validated some LLM labels,
the overall quality and fairness of the labels may
still be affected by the limitations of the LLMs
themselves.

Ethics Statement

LLMs were used extensively in this work, and we
acknowledge their potential for bias due to the na-
ture of their training data. All products of LLMs,
including complex frameworks, should be critically
evaluated and not taken at face value when real-
world consequences are involved. To mitigate risks,
we applied human oversight whenever possible. All
datasets used were either publicly available or col-
lected with proper consent, ensuring data privacy.
We are committed to ethical Al use, fairness, and
transparency throughout this project.
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A Dataset Details

Table 4 contains the top 10 subreddits in each com-
munity by number of posts. Many communities
have a large number of equally sized subreddits
at the top, as a threshold was used to prevent one
subreddit from subsuming the entire community.
Thresholds were selected for each community in
order to stay between 15M and 50M posts. Ta-
ble 5 includes all 30 trends in the dataset. Figure 6
shows the number of overlapping posts between
each community’s sub-dataset. Figure 7 shows all
proportions of posts out of 2000 with a label of
‘evidence’. Among 180 reranking sets, most have
an evidence proportion between 2% and 12%.

We recruited 8 annotators with a bachelor’s de-
gree or higher to corroborate the labeling mech-
anism. Each annotator was shown a trend and a
post, and asked to label the post’s evidence level
1-5 (1 being a refutation or irrelevant, and 5 being
perfect evidence). Posts were sampled randomly
half and half from the top 50/2000 according to
ColBERT’s ranking and the bottom 1950/2000 for
each community. The number of LLM-labeled ‘ev-
idence’ and ‘not evidence’ posts was matched for
each. Overall, 12 hours of annotation were used to
double label 400 posts across 20 different trends.
For each trend/post pair, two humans separately
scored the evidence, and the average score was
taken. Per the rubric used for scoring, posts with
an average human score > 3 were binarized as ‘ev-
idence’ and all others were labeled ‘not evidence’.
Among pairs of annotators, binary agreement was
70% and the Pearson correlation of the raw scores
was 0.43. Using the average binarized score as the
gold label, the LLM achieved 68% agreement with
the humans and as a classifier achieved an F1 score
of 0.60.

B Weighting

The process we used for weighting was as follows:
When a child concept is added to a parent, it first
redistributes the weight of all siblings so that all
siblings have weight 1/(# siblings). Here, we con-
sider only promoted concepts as siblings of each
other and only demoted concepts as siblings of
each other. Then, every child is multiplied by the
product of its ancestors’ weights. This step greatly
reduces the children’s weights with respect to their
parent, grandparents, etc. Finally, the root is re-
set to a predefined value (we used 0.1, but did not
tune this value), and the remaining weight is dis-
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Community  # of Posts (K) Top Subreddits Community # of Posts (K) Top Subreddits
Conservative 1000 personalfinance Liberal 200 Anarchism

1000 The_Donald 200 SandersForPresident

1000 Frugal 200 Political_Revolution

1000 Libertarian 200 WayOfTheBern

1000 Conservative 200 Socialism

1000 MGTOW 200 AskALiberal

1000 arl5 200 Feminism

1000 Firearms 200 Futurology

1000 MensRights 200 LateStageCapitalism

1000 Patriots 200 ChapoTrapHouse
Religious 5000 Christianity Secular 3000 atheism

1704 Catholicism 3000 Futurology

1514 islam 3000 science

973 Psychonaut 3000 exmormon

889 Buddhism 3000 askscience

776 DebateAnAtheist 2876 DebateReligion

773 Judaism 2741 space

633 Meditation 1658 exjw

528 TrueChristian 1513 philosophy

486 latterdaysaints 1251 Anarchism
Rural 780 motorcycles Urban 75 CitiesSkylines

780 woodworking 75 nyc

780 environment 75 baltimore

780 DIY 75 toronto

780 ireland 75 shanghai

780 gardening 75 Tokyo

780 Firearms 75 BravoRealHousewives

780 Fishing 75 vancouver

780 dogs 75 cincinnati

780 NASCAR 75 kansascity

Table 4: Top 10 subreddits in each community by number of posts sampled from that subreddit.
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Figure 6: Number of overlapping posts in the full commu-
nity datasets D.. We note that there is an expected large
overlap in the pairs rural/conservative, religious/conservative,
liberal/secular, and liberal/urban. The less-expected overlap
urban/rural is likely due to many medium-dense geographic
region subreddits which the LLM labeled as both rural and
urban (e.g. ‘r/ontario’, 'r/Chattanooga’, and ’r/Spokane’).

tributed among its children. This ensures that the
root does not diminish indefinitely. Many other
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Figure 7: Proportion of posts labeled as ‘evidence’ for each
reranking set of 2000 posts. Each set corresponds to a particu-
lar trend/community pair (the subset D, 4).

weighting schemes are possible and we believe this
is an interesting direction for future work, but was
not explored in this work.
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MF Trend (“Increase in...””)

individuals expressing guilt over not caring for their community, while

acknowledging external influences.
people feeling mixed gratitude and frustration over care from close friends.
disappointment with younger generations over care shown to older people, despite

Care/
Harm

reports of improvement.

people saying they feel cared for by others but express uneasiness about it.
belief that it’s acceptable to cause harm to certain groups based on historical actions.

the belief that fairness is more prevalent locally than nationally.

Fairness/
Cheating

perception of unfairness toward older adults, even if not personally experienced.
frustration toward claims of unfairness based on personal stories over broader evidence.
perception that fairness improvements in work come at personal costs.

people attributing hardships to unfair treatment by large institutions, despite limited evidence.

feelings of betrayal by close connections loyal to other groups.

Loyalty/
Betrayal

discussions of declining loyalty among friends based on social trends.
belief that betrayal is more common in large, organized groups than in personal circles.
loyalty within specific social or cultural groups, but only on select issues.

frustration with family members prioritizing personal ambition over traditional family values.

Authority/

perception that authority is expanding, especially from non-political experts.

respect for authority figures who uphold effective traditional methods.

discomfort with religious authorities, despite a calming effect of rituals.

trust for specific authority figures (e.g., health leaders) but skepticism toward political leaders.
frustration with authority figures enforcing outdated rules.

discussing certain practices or traditions as sacred within specific contexts.

disgust toward perceived degradation of public spaces, despite some improvements.
outrage over misuse of religious or cultural symbols in media or fashion.
disappointment with younger generations for not valuing certain practices as sacred.
prioritizing environmental preservation locally over global concerns.

Sanctity/
Oppression Degradation Subversion

Liberty/

empowerment from resisting rules perceived as unjust by large organizations.
perception of freedom being restricted by government, even for public safety.
frustration with family not recognizing personal desire for autonomy.

people feeling free in personal lives but see society becoming more oppressive.

anger toward perceived restrictions on freedom of speech or expression.

Table 5: Full list of trends, categorized by the moral foundation (MF) that was used to generate them.

I am trying to find evidence of the following trend using social media data:
{trend}. In order to do this, I am trying to see how many posts provide evidence
of this trend. Think about what kinds of things relevant people would say on
social media if the trend were true. You will be given a post. Your task is to
determine whether the post can be used as evidence for the trend, or if it cannot.
For example, if the trend were "Increase in rural appreciation of art due to
a family relative", and the post reasonably sounded like it were written by a
farmer discussing a new painting hobby encouraged by his sister, then that
would be evidence of the trend. Make sure to pay attention to every component
of the trend when deciding if the post is evidence.

Can the post be used as evidence? Clearly answer with "Yes" or "No".

#it# POST ##Ht
{post}

### ANSWER ###

Figure 8: Prompt for labeling as evidence/not evidence.

C

D

Prompts

Reproducibility

I am trying to analyze the following trend using social media data: {trend}. I
have a list of categories of posts. I want to know which category is best for
finding evidence and which is worst.

You will be given the list of categories. To help you know what the categories’
posts are like, each category also comes with some examples of posts. Using
the category name and example posts, determine the category where I am
most likely to find posts that are evidence of the trend, and also determine the
category where I am least likely to find such posts. Remember that my goal is
to analyze the trend.

Respond with a list of the best best categories’ indices, followed by a list of
the worst worst categories’ indices, separated by a single line. Format your
response like this:

best_index, second_best_index,... worst_index, second_worst_index,...

If there are no good categories or no bad categories then you can just leave a
blank line for that list. Here are the categories and example posts:

### CATEGORY AND POSTS ###
1. {cluster]_name}: {cluster]_postl}, {cluster]_post2},...
2. {cluster2_name}: {cluster2_postl}, {cluster2_post2}....

Now choose the best and worst categories and put them in the order described
above. Respond only with the two lists of indices.

Figure 9: Prompt for explore operation to determine support-
ing and refuting clusters. The top PBF and bottom DBF cluster

D.1 Dataset

indices are actually used.

D.2 Framework

All labeling of the dataset was conducted using

GPT-40 mini, while all trend creation utilized GPT-

4o.
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T am trying to analyze the following trend using reddit data: {trend}. I have a
list of categories of posts. I want to know what categories are missing from
my list that would provide evidence of the trend. You will be given my list of
categories. To help you know what the current categories’ posts are like, each
category also comes with some examples of posts. Looking at the categories
and example posts, come up with {EBF} new categories of posts and {n} posts
per category that contain strong evidence of the trend. Remember that my goal
is to get evidence of the trend.

Given Categories and Posts:

{cluster]_name}: {clusterl_postl}, {clusterl_post2},...
{cluster2_name}: {cluster2_postl}, {cluster2_post2},...

Now come up with the missing categories and their respective posts. Please
match posts’ style and length to the given posts when writing the new posts.
Respond with exactly {EBF} new categories and {n} new posts for each
category. Put the list of categories in this example’s format, and do not include
anything else in your response:

<Ist Category Description>

Example Posts:

"first example post for first category"
"second example post for first category"
"third example post for first category"

"nth example post for first category"

<2nd Category Description>

Example Posts:

"first example post for second category"
"second example post for second category"
"third example post for second category"

"nth example post for second category"

<mth Category Description>

Example Posts:

"first example post for mth category"
"second example post for mth category"
"third example post for mth category"

"nth example post for mth category"

Figure 10: Prompt for envision operation to create missing,
supporting clusters.

* Characterizer: A root weight of 0.1 was al-
ways applied. During the envision/explore
step, six centroid documents per cluster were
used, and each concept was supported by ex-
actly eight grounding quotes. A maximum
of 20 clusters were ever shown at the envi-
sion/explore step. BERTopic was employed
for clustering, with default parameters, lever-
aging HDBSCAN and sBERT. Both rerank-
ing and retrieval experiments utilized PBF and
EBF at a value of 5 each, while only the re-
trieval experiment employed a DBF of 5. All
experiments were conducted with a maximum
depth of 2. All LLM calls within the Charac-
terizer were made using GPT-4o.

D.3 Experiments

Baselines:

¢ ColBERT: For the ColBERT baseline, the
ColBERTV2 checkpoint trained on the MS
MARCO Passage Ranking task was used.

* ANCE: The publicly available RoBERTa

##H INSTRUCTION ###

I am trying to analyze the following trend using social media posts: {trend}.
You will be given a set of posts, and I want you to extract the core properties of
the posts and concepts at play which make these posts good evidence of the
trend. For example:

##H# EXAMPLE TREND ###
Increase in vaping and alternative nicotine products

#i## EXAMPLE POSTS ###

’can confirm, I made a significant change in my nicotine habits a few months
back, and honestly, it’s been a game-changer for me. No more of the old
routine, just a clean and convenient way to manage things. I can even go about
my day without anyone noticing. It’s a small change, but it’s made a huge
difference in my daily routine and how I feel overall. Highly recommend giving
it a try if you’re looking for an alternative.””

T had a rough time quitting smoking, but changing my nicotine intake method
really helped me through it. I'm 25 and had been smoking since I was 17. I
tried quitting cold turkey multiple times but always ended up going back. This
new approach made it so much easier to manage cravings and slowly reduce
my dependency. Plus, it’s way better for my health and social life. If you're
struggling, I'd say give this new method a shot. Sometimes, it’s just about
finding the right tool for the job.

If anyone wants to chat more about quitting smoking or exploring new
approaches to nicotine, feel free to pm me. Sending good vibes and support to
everyone on this journey!””

’"Change is hard at first, messy in the middle, and gorgeous at the end." —
Robbins

Switching up how I consume nicotine has been exactly that for me. At first, it
felt awkward and I missed the old habits, but over time, it became a new routine
that’s much healthier. No more worrying about smelling like smoke or finding a
place to light up. It’s definitely worth pushing through the initial discomfort for
the long-term benefits.”

T decided to try something different with my nicotine consumption a while
ago, and it’s been a surprising improvement. It’s a small shift, but it’s helped
me cut down on smoking without too much hassle. I can handle cravings better
and feel a lot healthier overall. If you’re considering making a change, this
might be the solution you’re looking for. It’s been worth it for me.

Feel free to reach out if you want to discuss more about making positive
changes in your nicotine habits. We’re all in this together!”’

’Making the switch in how I get my nicotine was tough at first, but it’s been
worth it. I was tired of the old routine and wanted something better. This new
approach fits into my life so much easier, and I feel great about the change. It’s
amazing how a little shift can make such a big difference. If you’re thinking
about changing things up, don’t hesitate. It’s one of the best decisions I've made.

Anyone looking for advice or support, feel free to pm me. Good luck to
everyone on their journey!””

##H# EXAMPLE PROPERTIES/CONCEPTS ###
Switching to a new nicotine intake method

Improvement in health and daily routine

Reducing cravings using alternative nicotine products
Explicit recommendations to others to try the new method

##H# INSTRUCTION ###
Here is your trend and the set of posts.

### TREND ###
{trend}

### POSTS ###
{posts}

##H# INSTRUCTION ###

Now, extract the core properties of the posts and general concepts at play
which make these posts good evidence of the trend. Respond only with the
properties/concepts and format your response exactly like the example.

### PROPERTIES/CONCEPTS ###

Figure 11: Prompt for generating properties from a cluster of
documents (part of Concept Induction). Not shown is another
prompt for when the cluster is identified as ‘refuting’ the
trend, wherein the model is asked for properties of the posts
that make them refute the trend.

model trained on MS MARCO was utilized.
* BM25: The Elasticsearch implementation of
BM25 was used.
* Query2Doc: This method involved present-
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#i#t# INSTRUCTION ###

T am trying to analyze social media posts that have certain properties. You will
be given some post properties, and asked to write a set of posts that collectively
fits the properties. For example, if asked for 3 posts:

#i## EXAMPLE PROPERTIES ###
Switching to plant-based foods
Improvement in health and energy

Positive impact on the environment

No mention of meat

Encouraging others to try plant-based diets

##H# EXAMPLE POSTS #i##
I found that switching to a plant-based diet really helped with not just with
regularity, but also with the size and texture of my bowel movements.

So over a year or so I began a plant-based diet. I've been completely satisfied
with every meal, never counted calories, and now I feel amazing and love the
positive environmental impact.

I’'m convinced, based on research, that a plant-based diet is the way to go for
my physical health, and I'm making plans to convert to that type of diet over
time so that the sudden change doesn’t stimulate an episode.

### INSTRUCTION ###

Here are the set of properties. Write {num_groundings}, 1-2 sentence posts that
match the properties. Each post should match as many properties as possible.
Respond with a line-separated list of {num_groundings} short posts formatted
like in the example.

### PROPERTIES ###
{ properties }

##H POSTS ###

Figure 12: Prompt for generating groundings from a set of
properties (part of Concept Induction).

ing the LLM with several few-shot examples
of (trend, evidence post) pairs. The LLM
was then prompted to generate an evidence
post d for the given trend. The generated d
was either concatenated with the trend or di-
rectly searched using ColBERT. We tested
both search methods, and also tested with and
without few-shot examples. The single-shot
direct search version yielded the best perfor-
mance and is the version reported in the re-
sults.

* LangChain MultiQueryRetriever: This
approach used the MultiQueryRetriever to
rewrite the query. Then, ColBERT was used to
rerank all documents and assign scores. The
scores for each document were summed to cre-
ate the final ranking based on the total score.

All experiments were evaluated using BEIR
(Thakur et al., 2021) on our dataset.

E More Qualitative Analysis
See Figure 13 and Figure 14.

F Cost Analysis

In this section we discuss the cost analysis in more
detail. The cost of CONCEPTCARVE has two com-
ponents: characterization, and retrieval. Both costs

depend on several hyperparameters: the number of
clusters shown during explore/envision n, the num-
ber of centroids shown per cluster m, the branching
factors EBF, PBF, DBF, and the max depth. Since
marginal gains were seen after depth 2, we assume
this to be the max depth in the calculations. To sim-
plify notation, we assume that EBF, PBF, and DBF
are all close, and that their sum is some general
branching factor, B.

Characterizer: We calculate the cost of building
the tree with total LLM input/output rather than
wall time. This is because each branch of the tree
can be constructed in parallel and thus sped up
significantly, though this optimization is not in our
implementation. Hence, we use the number of
grounding-sized input/output texts, which is more
akin to monetary cost when using API calls. In
our case, groundings and centroid posts both have
a length of about 1-3 sentences (and is therefore
proportional to number of tokens).

Envision/Explore In the explore step, we show
m clusters of n documents to an LLM, which sim-
ply outputs the numbers of supporting refuting clus-
ters. Thus the input cost is mn grounding-length
inputs, and output is negligible. In the envision step,
the same m clusters of n documents are shown, but
the LLM generates B new sets of n documents.

Concept Induction In this step, clusters are first
converted to properties. This is done for all sup-
porting/refuting clusters, and the LLM is shown the
n centroid documents for each, so we have B - n
grounding-length inputs, and negligible outputs
(properties are much smaller than a grounding).
The next step is to convert each set of properties
into a set of groundings. Here the inputs are the
properties (negligible), and the outputs are a set
of n groundings for each of B clusters. Hence
the result is an output of B - n grounding-length
outputs.

These are the costs of applying the Charac-
terizer to one concept. We do this for all non-
negative concepts up to depth 2, so we have 1
operation on the root, and B for its children.
Thus the overall input cost of generating an en-
tire tree is (1 + B)(2m + B)(n), which is domi-
nated by the terms 2Bmn + B?n. Likewise, the
overall output cost of generating an entire tree is
(1 + B)(Bn + Bn), which is dominated by the
term B2n.

Overall, we see that the number of input tokens
to the LLM scales linearly with the number of clus-
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—— Liberal
—— Conservative

Parental control

Career autono, lict with identity

Balancing famil Exterhal validation

Family recoguiti al'spgce and boundaries

Conflict with traditt identity autonomy

Societal control

Figure 13: Trend: “Increase in individuals expressing frustra-
tion with family members who do not recognize their personal
desire for more autonomy and freedom.”
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deterring cert:

of hostile architecture

Less focus on =
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in resource allocatigl

Mention of surveillance concerns

Figure 14: Trend: “Increase in people expressing disgust to-
ward perceived degradation of public spaces, even when some
claim that conditions have improved.”
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Figure 15: Effect of varying the promoted branching factor (PBF) vs. the number of groundings per concept. These were not
tuned for our experiment, but show that there is a tradeoff in performance and time cost.

ters shown (m) and the number of centroids per
cluster (n). However, it scales quadratically with
the branching factor B. Because we used a max
depth of 2, the relationship between the total num-
ber of nodes C' and B is B? o C. Hence we can
say the LLM input/output tokens also scale linearly
with the total number of concepts in the tree.
Retriever: We measure the cost of re-
trieval/reranking of a concept tree using the cost
of retrieval/reranking of one grounding by itself.
The cost of retrieval/reranking of one grounding
depends totally on the standard retriever £ used in
the backend, along with the k£ chosen to retrieve
or rerank. We denote this cost to be E(k). Let C
be the total number of concepts in the tree, and ~y

be the number of groundings per concept. Since
doing retrieval/reranking on a concept tree simply
does so for each grounding in each concept, the
cost of a final retrieval will be CyE(k). In our
settings, this is about 10 - 8 times the cost of re-
trieving/reranking 2000 documents with ColBERT,
thus having a latency of about 80 times that of one
ColBERT retrieval. Tradeoffs in performance on
the DIR task are shown in Figure 15, specifically
between PBF and ~.
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