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Abstract. Open World Classification (OWC) with Large Multimodal
Models (LMMs) is an emerging and promising task that moves beyond
the closed-world setting by enabling direct answer generation in response
to open-ended queries. However, we observe that the OWC performance
of LMMs significantly degrades on fine-grained tasks. Empirically, we
find that their performance is sensitive to contextual information in the
query. To address this limitation, we propose Adaptive Memory Context
Injection (AMCI), a training-free and model-agnostic framework that dy-
namically restores contextual information during OWC inference. AMCI
maintains a non-parametric memory that aligns visual indices with their
corresponding attribute-augmented descriptions. By employing an adap-
tive similarity threshold to preserve memory diversity and utilizing a
refinement LLM to transform accumulated context into a structured
prompt, AMCI transforms the initial zero-shot description into a cali-
brated fine-grained prediction without parameter updates. Furthermore,
we construct a specialized low-resource fine-grained benchmark to sim-
ulate extreme data scarcity and introduce a new metric that penalizes
overly generic predictions, tailored for fine-grained OWC evaluation. Ex-
tensive experiments demonstrate that AMCI consistently improves per-
formance by a substantial margin while remaining computationally effi-
cient and compatible with various LMMs.

Keywords: Open-World Classification - Large Multimodal Models -
Test-Time Adaptation

1 Introduction

Image classification, which assigns semantic labels to images, is a fundamen-
tal task in computer vision [20,25|. Traditional approaches typically rely on
a closed-world assumption, where the category set is fixed and known during
training [4]. However, this assumption does not reflect real-world environments,
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Fig.1: (a) LMMs show the obvious performance gap between coarse-grained and
fine-grained OWC. (b) Incorporating contextual information (e.g., domain priors) in
query benefits fine-grained OWC. Furthermore, by applying automatic AMCI in a
training-free manner, the performance is significantly improved. (c¢) Existing instance-
by-instance inference paradigm wvs. our streaming inference paradigm.
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where new categories continuously emerge [42]. Recent advances in Large Multi-
modal Models (LMMs), such as LLaVA [33|, BLIP-2 [30], and Qwen-VL 3], chal-
lenge this paradigm by enabling open-ended visual recognition through joint vi-
sion—language modeling [39]. By answering natural language queries (e.g., “What
is the object in the image?”), LMMs can identify semantic concepts beyond pre-
defined categories. However, their open-ended outputs also require new evalu-
ation protocols to assess prediction correctness. To this end, recent work [11]
reformulates Open World Classification (OWC) task by treating LMMs as uni-
versal classifiers and proposes evaluation metrics based on language models and
textual embedding similarity.

Despite achieving strong performance on coarse-grained OWC, LMMs often
struggle with fine-grained categories, frequently generating overly generic predic-
tions (e.g., “flower” instead of “lily”), as illustrated in Fig. [1| (a). To obtain more
specialized predictions, one intuitive solution is to incorporate contextual infor-
mation (e.g., domain priors) into the query prompt. As shown in Fig. (1| (b), such
contextual cues can substantially improve the performance of LMMs. However,
assuming access to such prior knowledge at test time is unrealistic in open-world
scenarios, where the domain of incoming data is unknown and highly variable.
Moreover, due to the large parameter scale of LMMs, repeatedly fine-tuning
them for different testing domains is computationally expensive and typically
requires large-scale labeled data, which is impractical for low-resource tasks.
Therefore, it becomes crucial to design a lightweight method that can automati-
cally inject contextual information during inference, particularly for fine-grained
and low-resource scenarios [144/46].

On the other hand, Retrieval-Augmented Test-Time Adaptation [12}16}/22,
27| (Retrieval-Augmented TTA) has emerged as a promising strategy for adapt-
ing models to incoming test samples, by building a memory buffer and leveraging
contextual information from the test stream, as illustrated in Fig. c). However,
directly applying it to fine-grained OWC faces two fundamental challenges: 1)
How to construct a memory that provides informative and represen-
tative context in open-world settings? Unlike the zero-shot classification
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task in Retrieval-Augmented TTA [12}|16}/22,[27], OWC lacks ground-truth la-
bels, which makes supervised or pseudo-label updates impractical. Meanwhile,
without ground-truth guidance, a naive memory strategy may accumulate visu-
ally similar but non-discriminative samples, making it harder to retrieve useful
fine-grained evidence for accurate recognition. Thus, the challenge is to automat-
ically extract and retain key fine-grained attributes while keeping the memory
diverse to avoid redundant samples. 2) How to effectively transform accu-
mulated context into structured prompts? Retrieved samples often contain
redundant narratives or distracting noise. If directly used as prompts, these frag-
mented observations may not provide enough useful evidence for categorization.
Therefore, a refinement step is needed to summarize representative features from
the raw context and convert them into prompts that guide LMMs toward more
reliable predictions.

To address these challenges, we propose a training-free framework, Adaptive
Memory Context Injection (AMCI), following a multi-stage fashion. Stage 1:
Memory Initialization. During the initial phase of the test stream, the model
initializes a memory with visual indices and attribute-augmented descriptions
generated through standard zero-shot LMM inference. This stage establishes
a foundational memory that captures the initial semantic distribution of the
test stream, providing the necessary comparative anchors for subsequent ob-
servations. Stage 2: Retrieval and Diversity Maintenance. To construct
an informative and representative memory, this stage uses a dynamic similarity
threshold coupled with a most visually similar replacement strategy. For each
query, AMCI retrieves the k nearest neighbors from the memory to provide con-
textual information for the current observation. The inclusion of new samples is
controlled by an EMA-updated threshold, which filters samples with higher nov-
elty and reduces redundancy. If the memory reaches its capacity, AMCI replaces
the existing entry most visually similar to the current query with the current
entry, effectively preventing the memory from being overwhelmed by biased or
redundant data. Stage 3: Context-aware Refinement and Inference. This
stage converts accumulated context into structured prompts via a refinement
LLM. This module augments the initial description of a query with fine-grained
attributes extracted from neighboring instances. By aggregating fine-grained at-
tributes from neighboring instances, the LLM complements the initial description
with discriminative details that may be missing from the query alone, thereby
improving prediction reliability without backpropagation.

Our main contributions are summarized as follows:

— We identify the lack of contextual guidance during inference as an important
factor contributing to the degraded performance of LMMs in fine-grained
OWC.

— We propose AMCI, a training-free and model-agnostic framework that lever-
ages a dynamic memory to achieve test-time context injection and refine
model outputs without labels or backpropagation.

— We extend the existing OWC benchmark to low-resource scenarios and in-
troduce a new metric for more reasonable evaluation tailored to fine-grained
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OWC. Extensive experiments across multiple datasets demonstrate that
AMCT consistently improves the performance of various LMMs.

2 Related Work

Open-World Classification with LLMs. Image classification [6,[15][24}25]
underpins the perceptual power of multimodal models. While contrastive VLMs
like CLIP [39] excel in zero-shot classification, they remain constrained by pre-
defined label sets. This has led to the emergence of Vocabulary-free Image
Classification (VIC) [9}/10] for unconstrained label identification. Generative
LMMs have achieved remarkable success in reasoning and scientific compre-
hension [21}29/31,[35]. However, their foundational classification performance,
particularly in open-world settings, remains under-explored. Zhang et al. [45]
analyze the image classification performance of LMMs, defining OWC in the con-
text of LMMs as a setting characterized by a lack of constraints in the output
space. Their findings suggest that generative LMMs underperform their con-
trastive counterparts. Conversely, Liu et al. [34] challenge this view in closed-
world environments, demonstrating the latent classification potential of modern
LMDMs, though their analysis did not extend to open-world challenges. Conti et
al. [11] further expand the evaluation in [45] by introducing four complementary
metrics across 10 datasets, providing extensive studies on OWC and error analy-
sis for LMMs. In parallel, CIRCLE [19] and SpeciaRL [2] also explore improving
LMM-based OWC, via iterative multi-granular pseudo-label refinement and re-
inforcement learning with dynamic rewards, respectively. In this paper, we delve
into the performance bottlenecks of LMMs in extreme low-resource and fine-
grained scenarios, uncovering a prevalent ’vagueness bias’ stemming from the
lack of contextual information. To address this, we propose AMCI, a dynamic
memory-augmented adaptation framework designed to activate the expert-level
discriminative potential of LMMs.

Retrieval-Augmented Test-Time-Adaptation. Test-time adaptation (TTA)
improves robustness by exploiting unlabeled test data at deployment time, ei-
ther through optimization-based parameter updates or training-free prediction
refinement [17,[18]/22//40]. More recently, Retrieval-Augmented TTA [121/16]/22/27]
incorporates retrieved evidence to enhance test-time inference. TT-RAA |[16]
maintains an internal memory that compresses the incoming test stream into
summary representations such as feature-level prototypes or running distribu-
tion statistics, and uses this memory to correct VLM predictions online. Unlike
TT-RAA, RA-TTA |27] relies on external retrieval from a large-scale image pool
using fine-grained textual descriptions, and aggregates the retrieved evidence to
refine predictions under distribution shift. Existing approaches are mostly stud-
ied under closed-world recognition with a fixed label set and mainly focus on
output-side calibration or prediction correction. Some retrieval-based methods
further rely on large external retrieval corpora. In contrast, our framework con-
structs an internal memory from incoming test samples and injects instance-level
comparative context with attribute-level evidence into inference, using diversity-
aware updates to keep the memory informative with limited test-time overhead.
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Fig.2: Overview of the AMCI. (1) Memory Initialization: For each incoming
image, AMCI builds a visual index e; and generates an attribute-aware description ¢; to
initialize the memory C. (2) Retrieval and Diversity Maintenance: AMCI retrieves
the k-nearest neighbors as the context T'. A novelty gate with an adaptive threshold
7 and a replacement strategy of the most visually similar entry are utilized to keep
memory diverse and avoid information redundancy. (3) Context-aware Refinement
and Inference: The refinement LLM M;j;,,, summarizes the retrieved context 7" and
outputs a synthesized prompt p;. The LMM M,,; predicts the final decision o; based
on the augmented prompt.

3 Method

Problem Definition. We denote an LMM as a function frasps that maps
an input image x € X and a textual prompt p € T to a textual output
y = foamm(z,p) € T. In the conventional closed-world setting, the output is
restricted to a predefined, static label set K C 7. In contrast, the OWC setting
allows the model to operate within its original, unconstrained semantic space T,
where the output y is expected to accurately describe a specific semantic entity
Y encountered in the open world. This setup requires the model to capture sub-
tle discriminative cues to yield accurate semantic descriptions without relying
on a fixed category list.

Framework Overview. The proposed AMCI framework unlocks the potential
of LMMs for fine-grained OWC by transitioning the model from isolated, state-
less inference to context-aware adaptation. By leveraging a dynamic memory,
AMCI enables context-aware refinement to recover discriminative details often
lost in standard zero-shot settings. The overall pipeline is illustrated in Fig. 2]
and the detailed algorithm is provided in the Appendix.

3.1 Memory Initialization

Motivation. Initial empirical tests reveal that one limitation of LMMs is their
limited ability to make use of contextual information when incoming instances
are processed in isolation. Without sufficient context to serve as a referential
anchor, the model fails to align specialized, domain-specific visual features with
its pre-trained knowledge. To address the issue, we implement this stage to
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provide the contextual foundation necessary for adaptation. We maintain a non-
parametric memory C = {(e;, #;)}}£,, where e; € RP denotes the visual indexing
and t; € T represents the attribute-augmented description. By establishing this
foundational memory, AMCI can effectively reuse fine-grained context, thereby
unlocking the capability of LMMs to distinguish between highly similar entities
under an unsupervised setting.

Visual Indexing Construction. To provide a robust mechanism for retrieval,
we first compute a visual embedding e; = Eq;p(x;) for each query x; utilizing
a frozen CLIP encoder. This process maps the raw pixel data into a structured
embedding space where visually similar entities are positioned in close proxim-
ity. These embeddings serve as the search keys of the memory C, allowing the
framework to perform similarity-based retrieval during the inference stream.
Attribute-Augmented Description Generation. We focus on augmenting
the memory with values that capture the discriminative attributes of perceived
samples. For each instance x;, we prompt the LMM to generate an attribute-
augmented description t; = My (2;, Dbase) that is stored as the corresponding
value in the key-value pair (e;,t;). The prompt ppgse is defined as:

“What type of object is in this photo? You may include a brief mention
of key visual attributes if it helps recognition.”

By explicitly encouraging the model to surface specific textures, shapes, or struc-
tural parts, we ensure that each entry contains rich semantic context. The re-
sulting key-value pair (e;, ;) is then inserted into C, forming the foundational
repository for context-aware inference. This pairing of visual keys and textual
values supports the later retrieval stage, enabling AMCI to exploit contextual
information to align fine-grained visual features with LMMs’ knowledge.

3.2 Retrieval and Diversity Maintenance

Motivation. As the memory C begins to accumulate data from the test stream,
its utility is primarily determined by the relevance of the retrieved context and
the diversity of the stored information. We observe that the performance of the
framework degrades significantly when these two factors are neglected by naive
policies. Specifically, the performance decline is caused by two factors associated
with unconstrained memory updates. First, the lack of similarity constraints
during retrieval, typically seen in random retrieval, introduces irrelevant samples
that act as semantic noise, which distracts the inference of the LMMs (analyzed
in Sec. . Second, a simple chronological update strategy, such as a first-in-
first-out (FIFO) policy, can make the memory dominated by redundant samples
from majority classes, thereby weakening its ability to preserve discriminative
cues for rare categories (shown in Sec.[5.3)). To resolve these issues, we implement
a process that implements relevance-based retrieval and prioritizes informational
novelty during memory updates, effectively balancing the quality and diversity
of the stored context.

Relevance-based Retrieval. To ensure that the context is relevant to the cur-
rent instance, AMCI performs a k-nearest neighbor search within the memory
C based on visual similarity. Utilizing the visual index e; as a query key, we
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identify the set of neighbors N; = {(e,,t,)}*_, that exhibit the highest co-
sine similarity to the current query. These retrieved descriptions {t,}£_; serve
as contextual references for the query, facilitating the transition from isolated
zero-shot prediction to context-aware inference. By anchoring the current sam-
ple in visually correlated context, the LMMs can more effectively distinguish
specialized fine-grained categories.

Diversity-driven Maintenance. To prevent the memory from being domi-
nated by redundant samples, we adopt a maintenance strategy that prioritizes
informational novelty. The novelty of a new sample is quantified by the mean
similarity s; to the retrieved neighbors:

8; = % Z cos(e;, ey,) (1)

(en »tn)eNi

We employ an adaptive threshold 7, updated via Exponential Moving Average
(EMA) as 7 = (1 — A)7 + As;, to act as a gatekeeper: a sample is only admitted
to the memory if s; < 7. Furthermore, when the capacity K of the memory is
reached, we maintain the memory by replacing the existing entry 7* that is most
visually similar to the current query:

J* = argmax cos(e;, €;) (2)
e;€C

This strategy helps the memory retain discriminative fine-grained visual cues
while avoiding redundancy, which is important for OWC inference.

3.3 Context-aware Refinement and Inference

Motivation. The design of this stage is motivated by the observation that the
accumulated context, although relevant, often lacks the structure necessary for fi-
nal prediction. As shown in the ablation studies of Sec. a naive concatenation
of retrieved descriptions fails to provide a structured prompt, as the LMMs strug-
gle to capture the relationships between multiple descriptions. Consequently, we
propose to leverage a refinement LLM to transform the accumulated context
into a structured prompt. This stage allows the framework to exploit the context
while keeping all parameters frozen, and helps the LMMs to make predictions
without relying on predefined labels.

Context-aware Prompt Refinement. Following the retrieval of k neighbors
within the memory C, we obtain a set of textual descriptions T = {t,}k_;.
Instead of directly using the retrieved context, we use a refinement LLM M,
to reorganize T into a synthesized, attribute-aware prompt p;. This prompt
emphasizes visual attributes and domain-specific cues relevant to the current
query z;. Formally, the synthesized prompt is generated as:

pi = My (RefinePrompt, T') (3)

where RefinePrompt denotes the instruction used to reorganize the retrieved
textual descriptions.
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Comprehensive Inference. The synthesized prompt p; is then used as the
textual input, together with the query image x;, for the final prediction:

0; = My (24, ;) (4)

AMCT helps the LMMs to distinguish visually similar instances by converting
memory entries into a targeted, attribute-aware prompt, while keeping all model
parameters frozen.

4 Fine-Grained OWC Benchmark and Evaluation Metrics

Dataset Composition and Scenarios. Our benchmark comprises seven data-
sets categorized into two distinct groups based on semantic granularity and
data scarcity. (i) Fine-grained: We utilize Flowers102 [37], Food101 [5|, Oz-
ford Pets [38|, Stanford Cars 23|, and FGVC Aircraft |36], all of which de-
mand fine-grained discrimination across closely related visual categories. (ii)
Low-resource: To evaluate the framework under extreme distribution shifts
and data scarcity, we incorporate two specialized datasets: iNaturalist 2021 [42]
46, featuring rare biological data with an extreme long-tail distribution, and
HAM10000 |141/41], consisting of specialized dermatoscopic images for skin le-
sion analysis. These benchmarks represent the critical challenges of open-world
understanding where fine-grained knowledge is essential and visual priors are
inherently sparse. Statistics are provided in the Appendix.

Evaluation Metrics. Standard lexical matching is inadequate for OWC, as
LMMs often generate verbose responses that encompass the correct concept yet
fail strict string matching (e.g., “a majestic sofa” vs. “sofa”). To ensure a rigor-
ous assessment, we adopt a multi-dimensional metric suite: (i) Text Inclusion
(TT) checks for strict string containment of the ground-truth label within the
prediction; (ii) Categorical Fidelity Inclusion (CFI) utilizes an LLM-judge
to evaluate whether the prediction achieves categorical alignment while penaliz-
ing generic or vague responses; (iii) Semantic Similarity (SS) measures global
alignment by calculating the cosine similarity between the Sentence-BERT em-
beddings of the prediction and the label; and (iv) Concept Similarity (CS)
captures maximum local alignment by identifying the specific phrase within the
response that best matches the label embedding, thereby mitigating the impact
of redundant descriptions.

Motivation of the new CFI metrics. We find that the Llama Inclusion (LI)
metric proposed in OWC [11] tends to reward overly broad descriptions rather
than fine-grained precision (e.g., predicting “airplane” for “Boeing 707-320”). To
address this issue, we introduce CFI, which penalizes generic predictions and
favors informative, subtype-specific outputs. CFI is defined by four rules. 1)
Anti-ambiguous gating assigns a score of 0 if the prediction only provides
a parent category without subtype evidence. 2) Evidence-based verification
uses an LLM-judge (Llama-3.2-3B) to check whether discriminative visual traits
are present. 3) Synonym awareness validates scientific names, professional
aliases, and domain-specific synonyms. 4) Contradiction veto assigns a score of



AMCI 9

§ ——o———o & = > < —r—o—¢
o 75 75 75 751"
<9
g
i —— U - | ————
£ 60 60 60 601w==
£ 45
Sas| A s dse —
0.01 0.02 0.03 0.05 06 07 08 0.9 5 10 15 20 64 128 256 512
Initialization ratio Initial threshold T Nearest neighbor k Cache size K

Fig. 3: Sensitivity analysis of key hyper-parameters.

0 if the prediction contradicts the target category or its defining characteristics.
By prioritizing categorical fidelity over generic correctness, CFI provides a more
reliable metric for fine-grained OWC.

5 Experiments

5.1 Experimental Setup

We follow the same setting as [11] and evaluate the performance of 13 publicly
available LMMs across diverse architectures and parameter scales: Idefics2 ,
InstructBLIP , InternVL2 (at 2B, 4B, and 8B scales) , LLaVA-1.5 ,
LLaVA-NeXT (with Mistral-7B and Vicuna-7B backbones), LLaVA-OV
(with Qwen2-0.5B and Qwen2-7B variants), Phi-3-Vision 7 and Qwen2-VL
(available in 2B and 7B variants). Unless otherwise stated, all models utilize
the same prompt described in Sec. We utilize CLIP-ViT-L/14 for visual
feature extraction and retrieval, while Llama-3-8B-Instruct serves as the refine-
ment LLM for contextual prompt synthesis. Hyperparameter settings are kept
uniform across all experiments: initialization ratio a = 0.02, maximum cache
size K = 256, initial threshold 7 = 0.7, and nearest neighbor count k = 10.
AMCI introduces no model training or fine-tuning, operating purely through
the three-stage inference process introduced in Sec. [3]

5.2 Comparison with State-of-the-Art OWC Methods

As shown in Tab.[T] integrating the AMCI framework consistently improves per-
formance across all evaluated LMMs with model scales ranging from 0.5B to 8B
parameters. On average across 13 configurations, AMCI yields notable gains in
Fine-grained tasks, including 8.2% in TI, 16.3% in CFI, 3.5% in SS, and 10.2%
in CS. In Low-resource scenarios, AMCI also achieves stable improvements of
0.7% in TI, 7.9% in CFI, 2.3% in SS, and 5.4% in CS. Also, there is significant
improvements on CFI metric. For example, LLAVA-OV (Qwen2 7B) ex-
hibits a CFI increase from 13.9% to 47.6%, demonstrating AMCT’s effectiveness
in mitigating the generic prediction bias of vanilla LMMs. By injecting streaming
contextual evidence, AMCI enables models to shift from overly general descrip-
tions to more discriminative predictions. Notably, AMCI is especially effective
for smaller models. For instance, LLAVA-OV (0.5B) enhanced with AMCI
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Table 1: Overall performance on Fine-grained and Low-resource scenar-
ios. We report the average results across five Fine-grained datasets (Flowers102,
Food101, Oxford Pets, Stanford Cars, FGVC Aircraft) and two Low-resource datasets
(HAM10000, iNaturalist).

Fine-grained Low-resource

Model TI CFI SS Cs TI CFI SS Cs
IDEFICS2 |26] 8B 1.8 8.0 34.6 38.5 0.0 21.5 30.2 33.1
+ AMCI (Ours) 4.5 26.2 36.6 40.5 0.1 284 319 354
INSTRUCTBLIP |13| Vicuna 7B 6.2 18.4 33.4 42.0 0.0 20.2 29.2 31.0
+ AMCI (Ours) 15.3 47.8 35.5 54.8 0.3 32.2 29.5 384
PHI-3-VISION [1] 8.1 31.3 30.6 42.7 0.0 27.8 29.0 34.8
+ AMCI (Ours) 18,0 51.3 35.8 55.6 0.3 37.0 289 39.6
INTERNVL2 |7,8] 2B 9.2 37.7 322 48.0 0.6 33.4 33.3 438
+ AMCI (Ours) 11.2 46.2 33.1 53.0 0.8 42.5 34.2 46.3
INTERNVL2 |7,)8] 4B 10.4 37.5 32.7 489 0.1 31.5 334 43.1
+ AMCI (Ours) 15.5 489 349 55.3 0.6 40.3 34.6 48.4
INTERNVL2 |7,)8] 8B 14.3 44.1 35.3 53.7 3.9 37.7 33.7 47.8
+ AMCI (Ours) 19.1 51.4 36.5 58.8 4.1 44.1 34.9 50.1
LLAVA-1.5 [33] 7B 5.1 40.7 28.3 419 0.1 29.6 26.7 37.4
+ AMCI (Ours) 9.9 47.2 322  50.8 0.1 36.0 27.3 39.1
LLAVA-NEXT [32| (Mistral 7B) 16.6 50.2 34.8 54.8 0.1 34.0 294 399
+ AMCI (Ours) 17.2 51.4 358 56.2 0.1 34.7 29.6 40.7
LLAVA-NEXT [32]| (Vicuna 7B) 10.7 429 33.2 50.3 0.5 33.6 289 385
+ AMCI (Ours) 149 51.2 359 56.7 0.4 38.5 31.2 428
LLAVA-OV |28]| (Qwen2 0.5B) 3.9 17.2  35.3  40.8 0.3 25.1 27.8 35.5
+ AMCI (Ours) 13.8 42.4 39.1 54.7 0.9 35.1 29.6 41.4
LLAVA-OV |28] (Qwen2 7B) 3.9 13.9 36.2 39.2 0.1 25.1 24.0 30.6
+ AMCI (Ours) 18.6 47.6 39.6 60.0 0.2 37.0 319 43.1
QWEN2VL [43] 2B 26.6 47.6 425 63.0 1.0 30.8 29.9 40.5
+ AMCI (Ours) 45.0 63.1 50.3 79.2 5.1 38.5 36.4 52.1
QWEN2VL [43] 7B 21.0 36.6 37.3 55.1 1.8 31.7 321 435
+ AMCI (Ours) 41.5 63.0 47.2 75.7 5.2 40.2 37.2 52.9
Open-world baselines

CASED |9] 16.7 21.3 51.8 524 1.8 15.1  30.0 31.9
CLIP RETRIEVAL 22.3 24.7 416 61.7 3.2 17.6 33.6 41.1
Closed-world baselines

CLIP |39 71.7 545 83.2 832 38.1 428 735 735
SIGLIP |44] 83.2 67.6 927 927 51.8 56.9 864 86.4

achieves 13.8% TI, surpassing several larger vanilla models such as Instruct-
BLIP (6.2%) and Phi-3-Vision (8.1%), indicating that context-aware adaptation
can partially compensate for limited model capacity in fine-grained open-world
scenarios. Compared with retrieval-based baselines, AMCI provides stronger
semantic refinement by synthesizing candidate evidence into attribute-aware pre-
dictions, leading to higher CS and SS scores. In low-resource settings, where
vanilla LMMs often fail, AMCI enables meaningful prediction capability (e.g.,
Qwen2VL 7B reaching 5.2% TI), highlighting the importance of leveraging local
distribution cues when global priors are unavailable. Summary: AMCI consis-
tently improves fine-grained open-world classification across model scales and
scenarios, with particularly strong gains in low-resource robustness.
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Table 2: Ablation study based on Qwen2-VL 7B. (a) Core modules. (b) Memory
update policy. (¢) Retrieval method. (d) Prompt and querying.

Oxford Pets FGVC Aircraft HAM10000
Configuration TI CFI SS CS TI CFI SS CS TI CFI SS CS
w/0 Memory 52.6 584 40.0 71.9 18.2 45.6 28.4 54.2 1.2 224 26.8 35.1
(a) w/o LLM Refinement 16.0 39.5 26.0 48.9 1.3 36.8 21.4 335 0.3 185 24.2 30.6
w/0o Memory & w/o LLM 12.3 14.8 25.2 44.6 1.7 51 219 309 34 312 36.1 458

w/ FIFO Replacement 61.2 60.8 43.1 77.4 30.56 52.1 33.5 63.8 6.4 29.5 39.8 51.2
(b) w/ LRU Replacement 60.8 61.4 43.8 76.5 32.8 51.5 34.2 624 7.1 292 374 534

w/ Fixed Threshold 64.1 63.2 45.6 78.4 34.5 56.4 35.1 65.9 8.4 33.1 44.0 56.2

w/ Random Retrieval 53.1 58.2 40.3 723 28.5 48.1 30.2 56.4 4.2 275 352 46.8
(¢) w/ Top-1 Retrieval 60.4 59.5 42.8 755 31.2 54.2 321 614 6.8 31.4 38.5 50.8

w/ CLIP Textual 64.8 62.5 44.8 79.8 35.1 56.8 36.4 64.5 7.8 33.9 425 554

w/ Minimal Prompt 48.2 52.1 39.7 67.1 26.5 46.2 314 55.2 5.1 28.4 36.2 48.5
(4

w/ Decomposed Querying 63.8 62.9 45.2 79.5 34.2 56.1 35.8 64.2 8.2 33.6 43.1 56.2

Full AMCI (Ours) 65.6 63.8 46.2 80.7 36.0 57.7 37.0 66.7 8.7 34.2 44.6 57.7

Table 3: Comparison of AMCI with CoT prompting methods across three datasets.

Oxford Pets FGVC Aircraft HAM10000
Model & Method TI CFI SS CS TI CFI SS CS TI CFI SS CS
QWEN2-VL 7B 12.1 135 25.1 43.1 14 4.6 20.6 30.8 3.3 29.4 353 44.5

w/ Zero-shot CoT  19.2 39.8 21.3 50.9 4.1 499 20.3 38.0 1.9 33.0 29.9 43.6
w/ LLaVA CoT 21.3 415 214 53.1 128 529 21.5 47.2 0.7 31.1 21.8 379
+ AMCI (Ours) 65.6 63.8 46.2 80.7 36.0 57.7 37.0 66.7 8.7 34.2 44.6 57.7

LLAVA-1.5 7B 1.1 292 21.5 359 0.1 437 19.0 29.0 0.1 26.3 28.0 33.5
w/ Zero-shot CoT 4.8 29.2 206 424 0.1 43.8 170 31.7 0.1 269 276 344
w/ LLaVA CoT 4.8 292 206 424 0.1 438 17.0 31.7 0.1 26.9 276 34.4
+ AMCI (Ours) 18.2 47.1 32.1 53.8 0.5 48.6 20.7 33.6 0.1 31.4 28.5 36.2
INTERNVL2 8B 13.8 20.7 27.3 46.0 4.6 474 255 425 7.7 37.1 40.1 524
w/ Zero-shot CoT  16.4 39.2 23.7 50.3 2.5 50.6 19.3 38.0 6.3 35.8 39.0 54.9
w/ LLaVA CoT 109 36.7 18.0 47.3 3.0 50.7 184 39.6 3.6 350 31.3 49.5

+ AMCI (Ours) 37.8 53.9 36.9 64.5 5.6 50.2 27.0 46.8 8.0 47.4 42.8 56.5

5.3 Ablation Study

Component Ablation. To evaluate the contribution of each component in
AMCI, we conduct an ablation study as shown in Tab. [2| (a). Removing the
memory module (w/o Memory) results in an average performance drop of 12.0%
across the three datasets, highlighting the importance of contextual reference
during inference. After removing the LLM refinement module (w/o LLM Refine-
ment), the performance further decreases by 25.2%, indicating that refinement
is essential for mitigating semantic noise in raw descriptions and improving fine-
grained recognition. When both components are removed (w/o Memory & w/o
LLM), the model suffers the largest decline, with an average performance drop of
27.2%. Summary: Both the memory module and LLM refinement play critical
and complementary roles in AMCI, jointly enabling effective contextual reason-
ing and fine-grained prediction.
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Table 4: Comparison with Retrieval-Augmented TTA methods. CL (Class Label)
indicates whether the method requires pre-defined class names during inference (v') or
operates in a label-free open-world setting (x).

Oxford Pets FGVC Aircraft HAM10000
Model & Method CL. TI CFI SS CS TI CFI SS CS TI CFI SS CS
FreeTTA [12] v 66.2 64.1 458 80.4 36.5 58.2 37.4 67.2 8.9 34.5 44.9 58.2
TT-RAA [16] v’ 658 639 46.5 79.9 36.2 579 37.1 66.9 8.8 34.3 44.7 579
TDA [22] v’ 58.1 575 41.2 728 30.4 52.1 32.8 59.5 5.4 28.7 38.1 48.6
RA-TTA |27] v 624 612 44.1 782 33.1 54.2 345 624 7.2 31.5 40.2 52.1
QWEN2-VL 7B x 121 13.5 25.1 43.1 1.4 4.6 20.6 308 3.3 294 353 44.5
+ AMCI (Ours) X 656 63.8 46.2 80.7 36.0 57.7 37.0 66.7 8.7 342 446 57.7
FreeTTA [12] v’ 38.5 54.1 37.5 65.2 6.2 51.2 28.1 48.5 8.5 48.2 43.5 57.4
TT-RAA [16] v’ 382 538 372 649 59 50.8 27.5 47.6 8.2 47.8 43.1 56.9
TDA |22] v’ 298 472 315 554 3.5 478 232 415 6.5 424 385 50.1
RA-TTA |27] v’ 321 504 332 58.7 4.1 485 24.8 431 7.1 44.1 40.2 53.2
INTERNVL2 8B x 13.8 20.7 27.3 46.0 4.6 474 255 425 7.7 371 40.1 52.4
+ AMCI (Ours) x 378 539 36.9 64.5 5.6 50.2 27.0 46.8 8.0 47.4 428 56.5

Table 5: Inference latency and performance comparison between LlamaV-ol and our
AMCI. Time represents the total hours (h) required for inference on the full test set
using a single H100 GPU.

Oxford Pets FGVC Aircraft
Model & Method TI CFI SS CS Time TI CFI SS CS Time
QWEN2-VL 7B
w/ LlamaV-ol 35.2 45.7 314 595 6.6 155 534 28.0 52.0 6.9

+ AMCI (Ours) 65.6 63.8 46.2 80.7 1.4 36.0 57.7 37.0 66.7 2.1

LLAVA-1.57B
w/ LlamaV-ol 4.8 292 206 424 5.9 0.1 438 170 31.7 6.9
+ AMCI (Ours) 18.2 47.1 32.1 53.8 2.0 0.5 48.6 20.7 33.6 1.9

Memory Management Strategy. As shown in Tab. [2| (b), we compare dif-
ferent memory update policies. Traditional FIFO and LRU algorithms led to
average performance decreases of 4.1% and 4.0%, respectively, demonstrating
that in fine-grained scenarios, simple replacement mechanisms randomly discard
visual anchors of high discriminative value. Furthermore, using a fixed similarity
threshold (Fized Threshold) resulted in an average performance drop of 1.2%.
By utilizing an EMA-based dynamic threshold, Full AMCI adaptively regulates
the memory update process based on the distribution of incoming samples, ef-
fectively accumulating fine-grained visual evidence that supports more precise
and robust differentiation.

Retrieval Strategy Ablation. As shown in Tab. [2| (¢), we examine whether
retrieval is necessary. Replacing retrieval with random sampling (w/ Random
Retrieval) results in an average performance drop of 8.2%. We further study the
retrieval granularity and find that using only the single most similar neighbor
(w/ Top-1 Retrieval) leads to a 4.5% average decrease. Finally, we compare
retrieval modalities: retrieving with CLIP textual features (w/ CLIP Textual)
performs slightly worse than visual-feature retrieval, with a 1.2% average drop.
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This can be attributed to the fact that images in open-world classification often
preserve richer fine-grained structural cues than coarse text descriptions, making
visual-embedding similarity search a more reliable reference for M,,;.

Prompt Design and Interaction Ablation. As shown in Tab. (d), using
a minimal prompt (w/ Minimal Prompt) causes a 9.5% average performance
drop, indicating that prompt design serves as a crucial quality controller for the
streaming reference system. Weak prompts produce generic descriptions that
contaminate the memory bank and hinder long-term adaptation. We also eval-
uate a decomposed querying strategy (w/ Decomposed Querying), which splits
the attribute prompt into two sequential questions and concatenates the answers.
This results in a 1.3% average decline, suggesting that simple answer stacking
introduces redundancy and weakens discriminative cues.

5.4 Analysis and Visualization

Hyper-Parameters Analysis We conduct a sensitivity analysis on the key
hyper-parameters of our AMCI, including the initialization ratio «, initial thresh-
old 7y, nearest neighbor count k, and cache size K, as illustrated in Fig. [3| All
experiments are performed using Qwen2-VL-7B on the Oxford Pets dataset. The
experimental results indicate that «, 79, and k exhibit high robustness across a
broad range, with minimal fluctuations in the four metrics. Consequently, we set
a = 0.02, 79 = 0.7, and k£ = 10. Regarding the cache size K, the performance
generally improves as K increases. Considering the balanced performance across
all four metrics, we select K = 256. These hyper-parameters are fixed and ap-
plied to all other models and datasets.

Comparison with Chain-of-Thought (CoT) Prompting As demonstrated
in Tab. [3] our AMCI consistently outperforms mainstream CoT methods across
all experimental settings. While Zero-shot CoT and LLaVA CoT improve classi-
fication performance to some extent by introducing reasoning chains, their gains
on TT and SS remain overall limited. More importantly, CoT methods exhibit
stagnant performance under the CFI metric. This indicates that while CoT in-
creases the length of reasoning, it fails to capture the essential discriminative
evidence required for fine-grained recognition. In contrast, AMCI achieves sig-
nificant performance improvements. Across the three datasets and three base
models, AMCI achieves average improvements of 11.7% and 12.3% over Zero-
shot CoT and LLaVA CoT on the four metrics, respectively. Unlike CoT, which
relies on the model’s reasoning paths, AMCI leverages a discriminative feedback
mechanism and a dynamic cache to provide reliable, domain-specific contextual
information.

Comparison with Retrieval-Augmented TTA. We compare AMCI with
TTA-based approaches [12,/16,22,/27] in Tab. 4| Since they are not directly com-
parable, we adapt them to our framework by introducing extra ground-truth
labels. Implementation details are provided in the Appendix. AMCI achieves
a mean score of 44.8 across the four metrics, which is comparable to FreeTTA
(45.4) and TT-RAA (45.1). Notably, methods such as RA-TTA and TT-RAA
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Qwen2-vl-7B

Question: What type of
object is in this photo?

Answer:
It is a small tan dog
with a black face.

+Zero-shot CoT

Question: What type of

object is in this photo?
Think step by step.

Steps:

1. Wrinkled brow.

2. Short black muzzle.

3. Compact body. Itis a

small breed dog.

+LLaVA CoT

... follow the format: SUMMARY,

CAPTION, REASONING, and

CONCLUSION... Question: What

type of object is in the image?
Reasoning:

...The facial structure and ears
suggest it is likely a French
Bulldog or similar.

+AMCI (Ours)

...facial wrinkles, black
mask, compact square
body... Identify the breed.

The combination of the
deep facial wrinkles and the
black mask identifies this
dog as a Pug.

Question: What type of
object is in this photo?

Answer:
It is a bowl of dessert.

Question: What type of
object is in this photo?
Think step by step.

Steps: 1. White scoop. 2.
Cold texture.

... follow the format: SUMMARY,

CAPTION, REASONING, and

CONCLUSION... Question: What

type of object is in the image?
Reasoning:
...The crumbly topping suggests a

...Cold vanilla scoop,
melting creamy texture,
dairy dessert... Identify
the food.

A bowl containing a classic

3. Sweet taste.
Conclusion: sweet food.

fruit crumble or cake served scoop of vanilla ice-cream.

warm. ..Apple Crumble.

Fig. 4: Qualitative comparison. AMCI reduces the generic vagueness of baselines and
the incorrect fine-grained predictions of LLaVA-CoT (e.g., misidentifying ice-cream as
apple crumble) by injecting retrieved context.

rely on class-name vocabulary to form a CLIP closed-set distribution that pro-
vides confidence or soft-assignment signals. In contrast, AMCI attains nearly the
same performance as these methods without requiring any label vocabulary or
additional external retrieval corpus.

Performance and Computational Efficiency. As shown in Tab. |5, we com-
pare AMCI with the long-chain reasoning baseline LlamaV-ol. Averaged over
two base models and two fine-grained datasets, LlamaV-ol takes 6.58h per eval-
uation, while AMCI takes 1.85h, yielding a 3.5x speedup. Meanwhile, AMCI
achieves a higher mean score across the four metrics (44.3 vs. 31.9), showing a
better trade-off between effectiveness and efficiency. We additionally provide a
latency ablation in the supplementary material, which reports the runtime of
retrieval, memory update, refinement, and LMM inference in AMCI.
Visualization As shown in Fig. [f] the baseline often produces overly generic
predictions (e.g., identifying a “pug” as “a small dog”), leading to imprecise recog-
nition. Even complex reasoning prompts such as LLaVA-CoT may introduce
incorrect fine-grained predictions, such as misclassifying “ice-cream” as “apple
crumble” due to distracting textures. In contrast, AMCI alleviates this issue by
leveraging discriminative attributes (e.g., “facial wrinkles” or “creamy texture”).
This demonstrates that structured context injection is more effective for fine-
grained OWC than increasing prompt complexity or reasoning steps.

6 Conclusion

We empirically find that LMMs’ fine-grained OWC performance is often limited
due to the lack of contextual information, resulting in overly generic predictions.
To address this issue, we propose AMCI, which builds an internal memory from
test streams and injects contextual information during inference, enabling more
specific predictions in a training-free fashion. We propose the CFI metric and
construct a low-resource fine-grained benchmark. Extensive experiments demon-
strate the effectiveness of AMCI, highlighting the potential of context-driven,
training-free adaptation for enhancing LMM specificity.
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