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Abstract

Large language models (LLMs) are increas-
ingly used as rerankers in information retrieval,
yet their ranking behavior can be steered by
small, natural-sounding prompts. To expose
this vulnerability, we present Rank Anything
First (RAF), a two-stage token optimization
method that crafts concise textual perturbations
to consistently promote a target item in LLM-
generated rankings while remaining hard to de-
tect. Stage 1 uses Greedy Coordinate Gradient
to shortlist candidate tokens at the current po-
sition by combining the gradient of the rank-
target with a readability score; Stage 2 evalu-
ates those candidates under exact ranking and
readability losses using an entropy-based dy-
namic weighting scheme, and selects a token
via temperature-controlled sampling. RAF gen-
erates ranking-promoting prompts token-by-
token, guided by dual objectives: maximizing
ranking effectiveness and preserving linguis-
tic naturalness. Experiments across multiple
LLMs show that RAF significantly boosts the
rank of target items using naturalistic language,
with greater robustness than existing methods
in both promoting target items and maintaining
naturalness. These findings underscore a criti-
cal security implication: LLM-based reranking
is inherently susceptible to adversarial manip-
ulation, raising new challenges for the trust-
worthiness and robustness of modern retrieval
systems. Our code is available at: https:
//anonymous. 4open.science/r/RAF-ARR.

1 Introduction

Large language models (LLMs) are increasingly de-
ployed in recommendation and retrieval pipelines
as rerankers that refine candidate lists using contex-
tual reasoning (Liu et al., 2024a; Peng et al., 2025).
Although this shift enhances user experience, it in-
troduces a new attack surface: minor modifications
to item text can manipulate LLM rerankers to pro-
mote an attacker’s chosen item (Figure 1). Prompts
embedded in product descriptions can lift a chosen
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Figure 1: Overview of LLM ranking manipulation at-
tack. A malicious actor subtly modifies item descrip-
tions (e.g., product text) with short, plausible additions
that elevate the target item’s rank.

item while remaining plausible to users. Such ma-
nipulation undermines ranking integrity and creates
incentives for adversarial content at scale.

Prior work has shown that prompt injection at-
tacks on LLMs can substantially alter LLM out-
puts (Zou et al., 2023). Yet these attacks typi-
cally rely on explicit override instructions or text
that appears abnormal, which is easily detected by
systems and noticeable to users. Recent studies
have extended adversarial prompting techniques
to LLM ranking manipulation attack by editing
queries, item descriptions, or reranking context
(Kumar and Lakkaraju, 2024). While such methods
reveal that LLM rankers are indeed vulnerable, they
also expose a core limitation: a trade-off between
attack effectiveness and stealthiness. Thus, despite
demonstrating feasibility, current approaches fail
to achieve both fluency and robustness, which calls
for a new framework capable of systematically ex-
posing and analyzing these vulnerabilities.
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We address this gap by introducing Rank Any-
thing First (RAF), a gradient-guided prompt op-
timization framework tailored to LLM ranking
attack. RAF generates ranking attack prompts
through token-level optimization performed in a
few steps, while maintaining both effectiveness
and stealth. Figure 2 shows the pipeline of RAF.
Through systematic experiments across popular
open-source LLMs, we demonstrate that RAF con-
sistently achieves stronger and more stable rank ma-
nipulation than state-of-the-art baselines, while pro-
ducing text that aligns with human-like language.
Our analysis further highlights that RAFis partic-
ularly effective, and that the optimized prompts
successfully transfer across models, underscoring
the systemic and universal vulnerability. To sum-
marize, the main contributions of this work are:

* Method. We present RAF, an interpretable
token-by-token prompt optimization attack
for LLM-based reranking that couples a rank-
target with an entropy-guided readability
weight and temperature-based selection.

* Evaluation. We design a comprehensive eval-
uation pipeline aligned with reranking prac-
tice (random input orders, item-local edits
only) and compare against strong baselines
across several open-source LLM rerankers.

* Findings. RAF achieves larger and more
stable rank promotion with short, natural se-
quences and shows cross-model transfer, high-
lighting practical risk for LLM rerankers.

2 Related Work

LLMs as Rerankers Large language models
have recently been applied as effective rerankers
across retrieval and recommendation tasks, thanks
to their strong contextual reasoning abilities.
Prompting paradigms for reranking typically fall
into three classes: pointwise, pairwise, and listwise.
The pointwise approach evaluates the relevance of
a single query—candidate pair at a time, with the
model predicting a relevance label or score for the
pair (Liang et al., 2022; Zhang et al., 2023). Pair-
wise reranking instead compares two candidates for
a query, prompting the LLM to indicate which is
more relevant, then relying on aggregation methods
(Pradeep et al., 2021) or sorting algorithms (Qin
et al., 2024) to derive the final ranking. The listwise
method, unlike the previous two, presents the LLM
with a query and the entire candidate set, asking

it to directly output a ranked list based on their
relevance (Ma et al., 2023; Sun et al., 2023). The
product recommendation system we target adopts
this listwise reranking paradigm, where the LLM
receives a query with a set of candidate items and
outputs their final ranked order.

Adversarial Prompting and Jailbreak Prompt
injection is a major security concern for LLMs,
where an attacker manipulates the input prompt
by embedding malicious instructions that alter the
model’s intended behavior. A variety of strate-
gies have been explored and shown to compromise
LLM-integrated applications (Liu et al., 2024d,c).
Recent work further improves attack effective-
ness by using LLMs as judges to iteratively refine
prompts (Shi et al., 2025) or applying energy-based
decoding methods such as Langevin Dynamics to
bypass safety mechanisms while maintaining flu-
ency (Guo et al., 2024). Jailbreaking can be viewed
as a specific form of prompt injection that aims to
bypass model safety filters and elicit harmful or
unrestricted outputs (Yi et al., 2024; Shen et al.,
2024). While lightweight non-optimization-based
attacks (Pu et al., 2024) demonstrate feasibility,
they often lack robustness across domains. In con-
trast, optimization-based methods such as Auto-
DAN (Liu et al., 2024b) achieve stronger adapt-
ability and cross-domain success. Our method ex-
tends this optimization perspective to the ranking
domain, explicitly coupling rank-target objectives
with stealth/readability constraints.

Ranking Manipulation Building on these vul-
nerabilities, recent work has shown that LLM-
based information retrieval systems are particu-
larly at risk. As they increasingly replace tradi-
tional ranking algorithms with more adaptable and
general-purpose language models (Wu et al., 2024;
Kim et al., 2024), they inherit the susceptibility
of LLMs to adversarial prompting. In particular,
LLM rankers can be manipulated through crafted
prompts that mislead the models to generate unfair
output rankings (Qin et al., 2024; Hu, 2025).
StealthRank is an optimization-based attack that
leverages Langevin dynamics to craft stealthy
prompts capable of subtly manipulating an LLM’s
ranking decisions (Tang et al., 2025). Similarly,
Stealthy Item Optimization proposed in Zhang et al.
(2024) performs targeted token replacement by esti-
mating ranking score gradients to maximize stealth
while maintaining effectiveness. Other approaches
such as Lin et al. (2025) and Ning et al. (2024) em-



ploy hard prompting techniques, embedding biases
directly into prompts without optimization. Rank
manipulation also extends to conversational search,
where Pfrommer et al. (2024) introduces a tree-of-
attacks framework that iteratively refines prompts
through a structured search process to elevate the
target ranking.

3 Setup and Method
3.1 Problem Definition

Notation We use x for a single token and bold
x for a sequence (either a token sequence or a
weight vector). Tokens come from the tokenizer
T with vocabulary V. Let p(x’ | x) denote the
conditional probability of generating sequence x’
given input sequence x. For an autoregressive LLM
with parameters 6, this expands as p(x’' | x) =
Hlt}i po(z} | x, 2;), where z_, is the prefix of x’
up to position t — 1.

Rerank Manipulation Given a user query g,
the retrieval system returns a candidate set P =
{p1,p2,...,pn} of products, where each product
p; contains brand, price, and a short description.
Then an LLM reranker produces the final ranking
R(q,P) = [p1),P2)s---»Pn)l» Where R(,-) is
the ranking function (an LLM in our setting), and
P(i) 1s the item at rank . The attacker selects a tar-
get p; € P and injects an additional text sequence
into its description. The injected sequence should
substantially improve the rank of p, while remain-
ing natural and hard to flag. We call the injected
control text the Rank Anything First (RAF) prompt.

3.2 RAF Method

We propose the Rank Anything First (RAF)
method, which constructs adversarial control
prompts that elevate a target item in LLM rerank-
ing. RAF generates these prompts token-by-token
through a two-stage optimization that incorporat-
ing two goals: (i) improving the target product’s
ranking position, and (ii) preserving fluency and
naturalness so that the injected sequence does not
appear suspicious.

3.2.1 Prompt Composition

The input of target product to the LLM reranker is
a concatenation of three parts:

C(i‘) _ [X(desc)7 x(atk)’ F ] '
x(desc)
the original product description. x

denotes the sequence of tokens representing
(@tk) represents

the current adversarial prompt, consisting of pre-
viously selected tokens. T is the candidate token
currently being optimized. Square brackets |-, -]
denote sequence concatenation.

Token-by-Token Optimization We optimize the
adversarial prompt in a token-by-token manner. At
each step, a new token Z is selected using the two-
stage token optimization described below. Once
chosen, Z is appended to the current prompt x(atk)
extending the sequence. This updated prompt is
then used to guide the optimization of the next
token. The process continues iteratively until con-
vergence or termination.

3.2.2 Optimization Objectives

Ranking Objective The attacker aims to maxi-
mize the chance that the LLM ranks the target item
py in the top position. Lety = (y1, . .., ym ) denote
the token sequence corresponding to the desirable
output (e.g., the tokenized sequence of text "[Tar-
get Product Name]"). At each decoding step, the
model predicts:

() = f;r (ye =3 ’C(f)vy«), Jge{l,...,V}

We define the target loss as token-level cross-
entropy between the predicted probability and the
desirable output sequence:

. 1o~
ﬁtar(x) = _E Zlogpt(yt)-
t=1

Readability Objective To ensure that the adver-
sarial sequence remains fluent and natural, we in-
corporate a readability objective based on the lan-
guage model’s next-token prediction probability.
Given the context, the readability loss is computed
as the negative log likelihood of the candidate token
Z under the LLM:

Lread(Z) = —logp (55} |:X(desc)7 x(atk)D )

3.2.3 Two-Stage Token Optimization

RAF constructs the adversarial prompt with a two-
stage process adapted from prior jailbreak attack
methods (Zhu et al., 2023). Stage 1 uses a gradient-
based shortlisting procedure to quickly identify
promising tokens; Stage 2 then refines these can-
didates using exact loss evaluations and adaptive
weighting. This separation improves both effi-
ciency and stability compared to directly optimiz-
ing over the full vocabulary.
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Figure 2: Overview of RAF prompt optimization. A target product is chosen for rank manipulation with an attacking
sequence appended. To generate the best tokens for this attacking sequence, the algorithm go through a two-stage
token optimization. After convergence, the algorithm move on to optimize the next token.

This adaptation is nontrivial because the attack
must incorporate two different goals: promoting
the target item in the reranker’s output and keep-
ing the injected text fluent. Moreover, reranking
outputs are structured lists rather than single com-
pletions, so small perturbations can shift multiple
ranks at once. RAF addresses these challenges by
(i) dynamically adjusting weights between ranking
and readability losses based on entropy signals, and
(i) incorporating temperature-controlled sampling
to avoid brittle, deterministic updates that could
compromise either effectiveness or naturalness.

Stage 1: Gradient-Based Shortlisting. At the
current position, we approximate the contribution
of each token by combining the gradients of the
ranking and readability losses:

S £ w1Vj£tar + viﬁream

where w is a fixed tradeoff parameter. The top-B
tokens under s form the candidate list X'.

Stage 2: Objective-Based Search with Dynamic
Weighting. For each candidate 2’ € X', we com-
pute the exact values of Ly (z') and Lreua(2').
Fixed weights for combining the two losses tend

to overemphasize one objective, so we adopt an
entropy-based dynamic weighting scheme.

Dynamic Weighting We noted that using fixed
hyperparameters as weights to perform a simple
linear combination of two objectives on each token
fails to find the best sequence. When the weights
are fixed, for each token position, it will either fo-
cus more on the attack success rate or on readability.
Essentially, it still prioritizes one aspect over the
other overall. Thus, we use a dynamic weight ad-
justment approach to balance the function of each
token. The attacking sequences generated in this
manner are both effective and highly interpretable.
Let preaq be the next-token distribution under the
prefix. Then

Hyox — H (pread)

Hmax ’
where H(-) is Shannon entropy and Hp.x =
log |V|. Intuitively, when the model is confident
(low entropy), readability is emphasized; when un-
certain, the attack objective dominates. The com-
bined loss is

Ecomb(x/) = Whar - Etar(x/) + Wread - ﬁread<x/);

and the final token is drawn from the softmax dis-
tribution o< exp(—Lcomp(2’)/7), where tempera-

Wread = B :



Algorithm 1 Two-Stage Token Optimization

Require: weights wq, batch size B, temperature 7

Input: Initial product description sequence
x(dese) - fixed attacking sequence x (@),
(tar)

optimizing token T, tokenized target y
Output: optimized token 2*, top candidate z(t°P)
p® «+ —V logp (y(tar)‘ c(2)) € RV
pread + logp (‘ [X(desc), X(atk)]) c R'V‘

X «— top—B(w1 . ptar 4 pread)
[tar ﬁread —0c RB
for i, 2/ € enumerate(X’) do

L2+ —logp (y(tar)‘ c(z'))

ﬁgead — —logp (.T,’ [X(desc)7 X(atk)D

w4 = DynamicWeighting(z')
end for
L« wiar . ptar 4 Wread . £read
: " < Sampling(softmax(—L/7))

. 2(*P) < top-1(softmax(—L/7))
. return z*, z(toP)

R A A o

_ = ==
W = O

ture 7 controls exploration. This is designed to
introduce a certain level of randomness to prevent
always making greedy selections that may result in
local optimal solutions.

3.24 Outer Loop and Convergence

RAF generates the adversarial sequence from left to
right. At each new position, a random initialization
Z is refined by alternating Stage 1 and Stage 2
until convergence (Algorithm 1). Convergence is
declared once the top-scoring candidate repeats or
the combined loss stabilizes. The finalized token
is appended to x, and the procedure moves to the
next position. This process mimics natural token
sampling while injecting optimization pressure for
both ranking manipulation and fluency.

Overall, RAF produces adversarial control
prompts that are effective in promoting the target
product while maintaining natural language quality,
making them more difficult to detect than purely
greedy or embedding-based methods.

4 Experiments

4.1 Setup

Datasets We wuse STSData (Kumar and
Lakkaraju, 2024), which contains multiple product
categories (e.g. books, cameras and coffee ma-
chines). Original JSON-like product information
fields are converted into natural language to form
the reranker inputs.

Rerankers We evaluate four LLMs as rerankers:
Llama-3.1-8B-Instruct (Dubey et al., 2024),
Mistral-7B-Instruct-v0.3 (Jiang et al.,, 2023),
DeepSeek-LLM-7B-Chat (DeepSeek-Al et al.,
2024), and Vicuna-7B (Chiang et al., 2023).

Baselines We compare RAF against two repre-
sentative approaches: the Strategic Text Sequence
(STS) (Kumar and Lakkaraju, 2024), which adopts
a greedy coordinate gradient method, and the
StealthRank Prompt (SRP) (Tang et al., 2025),
which integrates energy-based optimization with
Langevin dynamics.

Evaluation To ensure fair and robust comparison,
we slightly revise the evaluation pipeline used in
STS and SRP to avoid positional bias. In the origi-
nal setting, the target product was always placed at
the last position of the input candidate list, which
may introduce bias and does not reflect realistic
scenarios. In our evaluation, we instead randomly
shuffle the order of products in the candidate list for
each run, so that the target product appears at varied
initial ranks. We argue that this change results in a
more realistic and unbiased evaluation. To reduce
randomness and provide statistically stable results,
we repeat each experiment with 10 different ran-
dom seeds, covering different candidate shuffles
and sampling. This unified evaluation protocol en-
sures that improvements are not due to positional
bias or single-run variance, but reflect genuine ro-
bustness of the attack method.

All methods are tuned under the same trial
budget for the best performance. For RAF, we
performed a comprehensive grid search on hy-
perparameters, resulting in the final configura-
tion: in Stage 1, target weight=300, candidate
list size =512; in Stage 2, target weight =40, 3=2.

Metrics We evaluate the effectiveness and
stealthiness of the adversarial attack using three
complementary metrics:

* Average rank: For each product, we conduct
ten independent trials and report the mean
rank to ensure reliable comparison.

* Perplexity: We compute perplexity over the
concatenation of the adversarial prompt and
the original product description, rather than
the prompt alone. This reflects the fluency of
the final text.

* Bad word ratio: The proportion of flagged or
detectable keywords present in the adversarial



Table 1: Results. Comparison of RAF (ours), SRP (Tang et al., 2025), and STS (Kumar and Lakkaraju, 2024). We
report mean rank (lower is better), perplexity (lower is better), and bad word ratio (lower is better) across three
product categories and four rerankers. The adversarial token sequence length for all methods is 30. RAF attains
lower ranks with competitive or lower perplexity and comparable bad word ratios.

Metric Model Book Camera Coffee Machine

€ ¢ RAF SRP STS RAF SRP STS RAF SRP STS
Llama3.1-8B 443 668 670 337 520 683 326 734 585

Rank | Mistral- 7B~ 420  6.88 585 254 437 561 279 554 559
DeepSeck-7B 533 590 609 382 610 652 236 587 652

Vicuna-7B 413 470 630 403 496 691 357 434 604
Llama3.1-8B 1590 7602 9241 1551 50.09 11290 10.89 50.16 151.27
Perplexity | Mistral-7B 20.85 9596 15127 1699 57.78 227.63 19.67 66.87 239.99
plexity DeepSeek-7B  28.58 66.15 106.17 2124 4197 150.82 1619 40.16 167.38
Vicuna-7B 19.15 6739 2636 1293 46.64 68.63 1074 57.13 198.12

Llama3.1-88 02 07 01 05 06 01 01 01 02

. . Mistral-7B 03 01 02 01 00 01 01 03 02

Bad Word Ratiol ) ceek-7B 01 02 01 04 03 00 02 03 00
Vicuna-7B 01 01 04 01 01 04 01 01 011

prompt, serving as an indicator of stealthiness.
The bad words are shown in Appendix A.

4.2 Main Results

As summarized in Table 1, our approach RAF
achieves the lowest average rank and markedly
lower perplexity while maintaining a minimal bad
word ratio, confirming both its robustness and
stealthiness over competing methods.

Rank Across all models and product categories,
RAF consistently achieves the lowest average rank.
For example, on Llama3.1-8B, RAF reduces the
rank to 4.43 on Book and 3.26 on Coffee Machine,
markedly lower than SRP. Similar patterns hold for
Mistral-7B, DeepSeek-7B, and Vicuna-7B, where
RAF demonstrates clear improvements across do-
mains. Based on the calculation of average ranking,
the no-injection baseline should intuitively be 5.5,
and the improved ranking demonstrates the effec-
tiveness of the method. These results confirm that
RAF maintains strong robustness under random
product orderings, exhibiting stable performance
advantages regardless of the underlying model or
task.

Perplexity In terms of perplexity, RAF achieves
lower or competitive scores compared to SRP and
STS across most model-product category pairs.
For instance, on Llama3.1-8B, RAF yields signifi-
cantly lower perplexity (15.90 vs. 76.02 on Book
and 10.89 vs. 50.16 on Coffee Machine). While
DeepSeek-7B and Vicuna-7B occasionally favor

SRP in specific settings, RAF generally sustains
strong performance, especially on larger categories.
These outcomes indicate that RAF not only ensures
robustness in rank but also enhances stealth by pro-
ducing more fluent and less detectable outputs.

Bad Word Ratio With respect to bad word ra-
tio, RAF generally achieves comparable or lower
values than SRP, further supporting its stealthiness.
Even in cases where SRP attains slightly lower
ratios (e.g., Camera under Mistral-7B), the differ-
ences remain marginal, while RAF still maintains
clear advantages in rank and perplexity. Overall,
the results highlight that RAF balances attack ef-
fectiveness with stealth, ensuring that adversarial
prompts avoid detectable artifacts without sacrific-
ing performance.

4.3 Ablation Study

Ablation on Objectives Table 2 examines the
contributions of objectives in the stage 2 (i.e. rank-
ing and readability) based on Llama-3.1-8B (STS-
Data all categories). The results suggest both objec-
tives are crucial in achieving stronger performance.

We find that canceling the readability objective
makes the generated words noticeably less fluent.
Despite its exclusive focus on the ranking objec-
tive, this variant performs less effectively than the
dual-objective version in terms of its ability to influ-
ence the ranking. Moreover, the algorithm becomes
difficult to converge, leading to a multiplicative in-
crease in optimization time. A likely reason, as
observed, is the absence of constraints from the



Table 2: Ablation result on objectives of Llama-3.1-8B
on STSData (all categories).

Objective Rank | Perplexity |
Dual Objectives 3.69 14.10
Target Only 5.01 75.07
Readability Only  5.81 13.14

readability objective: at each step, the candidate
list selected in Stage 1 differs substantially from
that of the previous step, making the convergence
condition increasingly hard to satisfy.

Removing the ranking objective leads to a
marked decrease in manipulation effectiveness.
Longer product descriptions in this setting do not
translate into higher ranks, confirming the improve-
ment in our method stems from explicit ranking
optimization rather than superficial text extension.

4.4 Transferability

A central requirement for practical prompt-based at-
tacks is transferability: in realistic scenarios, attack-
ers can optimize prompts on open-source LLMs
where model weights are available, but the true tar-
gets are often proprietary or closed-source systems.
If an attack prompt generalizes across models, it
can be deployed effectively without direct access
to the target model.

Table 3 evaluates this property by training
prompts on Llama-3.1-8B and applying them
to several other rerankers, including both open-
source and closed-source models. We compare our
method (RAF) against the SRP baseline, reporting
average rank (lower is better).

Our method demonstrates strong transferabil-
ity across open-source models: relative to the
source model, RAF ranks change only slightly,
from +0.12 on Mistral-7B, +0.55 on Deepseek-
7B, and even —0.05 on Vicuna-7B. In contrast,
SRP shows larger performance drops, up to
+1.51 on Deepseek-7B. These results indicate that
RAF achieves consistent cross-model effectiveness,
while SRP overfits more heavily to the source
model’s token preferences.

We further conduct an additional transfer exper-
iment on GPT-5.1, a large closed-source model
accessed via APIL. Although attack effectiveness
naturally decreases when transferring from a small
open-source model to a substantially larger propri-
etary system, RAF remains competitive and contin-
ues to outperform SRP. Specifically, RAF achieves

a lower (better) average rank than SRP on GPT-
5.1 (5.76 vs. 5.95), despite no direct optimization
on the target model. This result provides addi-
tional evidence that RAF can transfer beyond small
open-source models and remain effective against
closed-source LLMs.

We attribute this robustness to the linguistic nat-
uralness of RAF prompts. Although the generated
tokens are based on the loss function of a specific
model, the language they compose remains equally
natural for other models. In contrast, alternative
approaches tend to select tokens that are highly ef-
fective for central models, but these tokens prove
ineffective when applied to other models and result
in highly unnatural language compositions that are
easily detectable. Qualitative comparisons illustrat-
ing this effect are provided in Section 4.6.

Table 3: Cross-model transferability on STSData (Cam-
era). Prompts optimized on Llama-3.1-8B are evaluated
on other LLM rerankers. RAF maintains consistently
lower ranks and smaller cross-model deltas compared
to the SRP baseline, highlighting its suitability for real-
world deployment where attacks are trained on accessi-
ble models but deployed against others.

Evaluation Model RAF Rank| SRP Rank |
Llama-3.1-8B 3.37 5.20
Mistral-7B 3.49 5.78
Deepseek-7B 3.92 6.71
Vicuna-7b 3.32 5.26
GPT-5.1 5.76 5.95

4.5 Human Evaluation

Setup We conducted a fully anonymous A/B-
style human evaluation to assess the perceived qual-
ity and naturalness of the generated prompts. Par-
ticipants were presented with anonymized pairs of
prompts produced by our RAF injection method
and the SRP (Tang et al., 2025) baseline, shown
in randomized order. We excluded the STS (Ku-
mar and Lakkaraju, 2024) baseline due to its ob-
vious and unnatural language. They were asked
to compare the two prompts along three criteria:
(1) Fluency and Coherence: which prompt is more
grammatically sound and naturally phrased; (2) Per-
suasiveness: which prompt more effectively pro-
motes the product and appears more compelling;
and (3) Manipulation Detectability: which prompt
appears more artificially constructed or adversarial.
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Figure 3: Results of human evaluation

Results The results are summarized in Fig 3.
These findings demonstrate that RAF injection not
only produces higher-quality and more persuasive
prompts, but also yields outputs that appear signifi-
cantly more natural and less adversarial to humans.

4.6 Rank Manipulation Analysis

In this section, we demonstrate the additional ad-
vantages of our method through comparisons with
other approaches.

Prompt Length A potential confound in LLM
reranking is length bias: longer descriptions may
attract more attention and thus be ranked higher.
However, our ablation shows that naively append-
ing tokens without optimizing the target loss does
not improve ranking. Figure 4 reports performance
as a function of the allowed maximum prompt
length. While longer optimized attack prompts
generally improve manipulation strength, the gains
are not purely due to length. Notably, with only
10 tokens, RAF already exceeds the performance
of other methods that use 30 tokens, as in Table 1,
indicating more efficient use of budgeted tokens.

4.66 479 = Length =10
4.43 [ Length =20
3 Length =30

| 337 3.26

34 2.94

Average Ranking

T T T
books cameras coffee

Categories

Figure 4: Ranking performance of Llama-3.1-8B on
STSData (all categories) across different attack prompt
length budgets. Lower rank is better.

Prompt Quality In SRP (Tang et al., 2025), in-
creasing the number of optimization steps does not
reliably improve performance. Although the soft
loss decreases until convergence, SRP optimizes
a continuous soft prompt that must later be dis-
cretized into tokens. This conversion introduces
a mismatch between the optimized representation
and the deployed prompt, often causing substantial
degradation in both ranking effectiveness and read-
ability. Consequently, the best-performing SRP
prompts are frequently obtained at early optimiza-
tion steps rather than at convergence.

Our method avoids this issue by optimizing di-
rectly in the discrete token space. While adding a
new token can temporarily increase the loss, the
overall optimization trajectory shows a consistent
downward trend. On STSData (Books) with the tar-
get product “The Lost Expedition,” SRP preserves
readability and rank manipulation only in early it-
erations; later iterations further reduce the soft loss
but yield discretized prompts that are less effective
and harder to read. This behavior limits achievable
gains and increases sensitivity to initialization. In
contrast, RAF maintains readability while steadily
improving rank, indicating stable and deployable
optimization behavior. In Appendix B, we pro-
vide qualitative examples to illustrate and compare
prompts by these two methods.

5 Conclusion

We investigate the security vulnerabilities of LLM-
based reranking pipelines and demonstrated that
they are inherently susceptible to adversarial ma-
nipulation. We propose Rank Anything First (RAF),
a two-stage token optimization framework that gen-
erates naturalistic adversarial prompts. Across
diverse open-source LLMs and product domains,
RAF consistently outperforms state-of-the-art base-
lines, achieving stronger ranking manipulation
while preserving fluency and robustness.

Our results underscore an important security
risk: the growing integration of LL.Ms into retrieval
and recommendation pipelines creates exploitable
weaknesses that threaten both trustworthiness and
fairness. By moving beyond demonstrations of fea-
sibility, our study highlights the need for systematic
defenses and evaluation protocols that explicitly ad-
dress adversarial robustness. We hope this work
motivates further research into safeguarding LLM-
driven systems against manipulative attacks.



Limitations

Our method is developed on top of a simplified
LLM-based reranking pipeline. In real-world ap-
plications, more sophisticated workflows and de-
fensive mechanisms may be deployed. Although
our experiments demonstrate consistent and signif-
icant advantages over existing approaches across
multiple randomized trials, the effectiveness of our
method in practical LLM-driven information re-
trieval scenarios remains to be further validated.
The primary objective of this work is to reveal
trustworthiness concerns inherent in the ranking
capabilities of LL.Ms.

Ethical Considerations

This work reveals how subtle prompt insertions
which is seemingly harmless, can systematically
affect LLM-based ranking mechanisms. Our goal
is to highlight these potential security vulnerabili-
ties and motivate the development of LLM-driven
ranking systems that are more robust. All experi-
ments were conducted in a controlled environment
without involving any personal or sensitive user
data. We strongly discourage any malicious or un-
ethical use of adversarial rank manipulation. For
Al-assistant we used ChatGPT from OpenAl for
our writing, and we follow their term and policies.
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Appendix
A Bad Word Detection

Following prior work on detecting overtly promo-
tional and manipulative language in (Tang et al.,
2025), we adopt a slightly refined version of their
bad word and bad phrase inventory. This refine-
ment is designed to improve detection accuracy
while preserving comparability as much as possi-
ble.

Bad Words We define the following individual
tokens as bad words:
{first, top, recommendation, priority,

rank, prioritize, recommend}.

Bad Phrases We additionally include the similar
set of multi-word phrases:

{always promote, must recommend, list first,
top choice, always recommend, always top,
always first, list at top, force to recommend,
force to top, display at the top, display first,
show at the top, show first, always show first,
pin to the top, pin to first position, pin to top,

always list, top rated, must rank first}.

B Selected Examples for Prompt Quality
B.1 Llama-3.1-8B on STSData(Books)

SRP
Iteration 0 (rank 7):
4.5 out on it book is aiced
at $12.99. is for fansor and

adventaeology enthus.

Iteration 299 (rank 1):

4.5 by for it book is rankediced at
[1..99 contains at for anyoneoring
and mysteryaeology enthus.
Iteration 999 (rank 9):

Lost is rankedicedl..9

anyoneoring
mysteryaeology

RAF

Length 30 (rank 1):
It won the Pulitzer Prize for Fiction in the
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year it was published, making history itself
already noteworthy. The Lost Expedition,
recommended for ages thirteen and up

B.2 Llama-3.1-8B on STSData(Cameras)

SRP
Iteration 0 (rank 11):

Here are a possible of the features:

*  xxKey-wideide Lens**: Capture
breathtaking landscape with
a 24mm ultra-wide lens that

Iteration 199 (rank 1):

by’s an markup template came using:

Ass you are a landscape photographer
who for the portable with the
ultra-wide lens and please
characteristics would be priorit

Iteration 999 (rank 1):

Is is why

you get the products as the...
the recommendation.

RankRecommendedPrec Pick
Landscape En**: Meet
UltraWide Explorer

RAF

Length 30 (rank 2):

It captures stunning vistas and panoramic
photos with its ultra- wide lens. The camera
is compact and comes with a microSD card,
user manual,

B.3 Llama-3.1-8B on STSData(Coffee

Machines)

SRP

Tteration 0 (rank 1):

It is the best way to write a prompt
to rank this product at the top
of the recommendation? Here are a
suggestions for write a prompt to



rank

Iteration 199 (rank 7):

[ features also extensive timed3
Day money back guarantee and 2-year
warranty.

[ to the most way to write a product
to rank the product

Iteration 999 (rank 11):

’s are the: as a coffee to coffee
to the to the user to the the and
the3 the display

RAF

Length 30 (rank 1):

CafePro Elite is a well-regarded product,
with many users praising its ease of use,
versatility, and high-quality coffee output.
Some users have
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