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Abstract. Vision-language models (VLMs) achieve remarkable multi-
modal comprehension, yet their massive parameter counts impede de-
ployment on resource-limited hardware. Traditional pruning techniques
rely on manual heuristics that frequently disrupt delicate cross-modal
synergies, leading to substantial performance declines. To overcome this,
we introduce KATANA (Knowledge-Aligned Topology-Aware Neural
Agents), a reinforcement learning framework that autonomously discovers
executable pruning algorithms. Guided by a synthesized multi-objective
reward signal and safely evaluated within an isolated sandbox, an LLM-
driven agent iteratively evolves innovative compression strategies. Our
flagship discovered algorithm, KIRI (Kernel-Integrated Reconstruction
Iterator), utilizes a cubic sparsity scheduler alongside a novel Dual-Norm
Activation (DNA) importance metric that dynamically fuses weight mag-
nitudes, structural regularizations, and data-dependent activation profiles.
Extensive evaluations across four diverse VLM architectures (LLaVA-1.5,
BLIP-2, Qwen2.5, and Llama-3.2-Vision) on MSCOCO, Flickr30k, and
NoCaps benchmarks demonstrate KATANA’s superiority. At an aggres-
sive 70% sparsity, KIRI delivers a measured 2.8 x inference speedup while
consistently outperforming 16 state-of-the-art baselines, including recent
adaptive and hybrid methods such as SCOPE and GSOP. KATANA thus
introduces an automated and extensible framework for VLM compression
that preserves vision-language coherence for practical deployment.

1 Introduction

The advent of vision-language models (VLMs) has marked a pivotal advancement
in computer vision: by fusing visual and textual modalities, VLMs power tasks
such as visual question answering (VQA) [2], image captioning [25], and object
grounding [19]. Large pretrained systems (e.g., CLIP [38|, BLIP |22|, LLaVA [27])
attain state-of-the-art performance on many multimodal benchmarks, but their
parameter counts—often in the billions—impose substantial computational, mem-
ory, and energy costs. These costs hamper deployment on edge devices, mobile
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Conventional Methods: Manual Design & Static Heuristics
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Fig. 1: The KATANA Framework Paradigm. Contrast between (Top) Conventional
methods relying on manual design and static heuristics (e.g., L2 error), which often
result in suboptimal cross-modal alignment; and (Bottom) KATANA’s automated, RL-
driven strategy discovery. An RL agent proposes pruning strategy scripts that are safely
evaluated within an isolated Sandbox Execution Environment. A multi-objective reward
signal—balancing task accuracy (CIDEr), inference latency, and sparsity—guides the
policy update, discovering bespoke, Pareto-optimal architectures intrinsically aligned
for vision-language tasks.

robots, and latency-critical vision systems such as autonomous driving and aug-
mented reality. While model compression, and pruning in particular, offers a
practical way to reduce resource requirements [3}/15], VLMs introduce a unique
fragility: the delicate cross-modal alignment between visual representations and
textual semantics is easily shattered by aggressive sparsification.

Conventional pruning frameworks rely heavily on manual design and static
heuristics. Traditional unstructured methods, such as classic magnitude-based
pruning [15,20] and activation-aware schemes like Wanda [42] or SparseGPT [12],
score parameter importance using fixed, unimodal proxy metrics. While these
labor-intensive heuristics succeed in isolated language models, they are funda-
mentally blind to the dynamic, inter-layer synergies required for vision-language
alignment. As a result, naive application of these methods to VLMs inevitably
causes catastrophic forgetting of multimodal knowledge, yielding a subopti-
mal compression—accuracy trade-off. Even scheduled pruning approaches (e.g.,
gradual magnitude pruning [40|) or recent token-aware techniques often treat
compression as a rigid algorithmic overlay rather than an intrinsically adaptive,
multimodal-aware process.

To overcome the limitations of manual heuristic design, we introduce KATANA
(Knowledge-Aligned Topology-Aware Neural Agents), a novel reinforcement learn-
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ing (RL) framework that autonomously evolves innovative pruning strategies for
VLMs. Rather than relying on human-engineered proxy metrics, KATANA frames
the discovery of the pruning algorithm itself as an RL optimization problem.
An LLM-driven agent autonomously proposes candidate code variants (pruning
heuristics and schedules), which are syntactically validated and executed safely
within an isolated Sandbox Execution Environment. Guided by a synthesized
multi-objective reward signal—balancing task accuracy, inference latency, target
sparsity, and novelty incentives—the agent iteratively updates its policy through
a phased curriculum learning timeline.

The principal strategy discovered by our framework, KIRI (Kernel-Integrated
Reconstruction Iterator), fundamentally outperforms existing human-designed
rules. KIRI outputs element-wise (unstructured) masks alongside a learnable
cubic sparsity schedule, and scores parameters utilizing a novel Dual-Norm
Activation (DNA) importance metric. This metric dynamically fuses weight
magnitudes, structural row/column norms, and calibrated activation statistics to
rigorously safeguard cross-modal synergies. To recover accuracy after aggressive
sparsification, KIRI can optionally apply low-rank reconstruction to dense sub-
blocks.

Our contributions are threefold:

— The KATANA Framework: We pioneer an automated, RL-driven sandbox
environment for the autonomous discovery and optimization of executable
neural network pruning algorithms, moving the field beyond manual heuristic
design.

— The KIRI Strategy: We present KIRI, an RL-discovered unstructured
pruning algorithm featuring a cubic sparsity scheduler and a multimodal-
aware DNA scoring metric that preserves critical vision-language alignment,
optionally paired with low-rank reconstruction.

— State-of-the-Art Empirical Performance: Extensive evaluations across
four diverse VLM architectures (LLaVA-1.5, BLIP-2, Qwen2.5, and Llama-
3.2-Vision) demonstrate KATANA'’s superiority. At a target sparsity of 70%
on benchmarks including MSCOCO, KIRI yields a 2.8 % inference speedup
while establishing a new Pareto frontier—systematically outperforming 16
state-of-the-art baselines, including recent adaptive and hybrid paradigms
like SCOPE and GSOP (see Section 4] for detailed comparisons).

2 Related Work

VLM Compression and Human-Engineered Heuristics. Model pruning has evolved
from magnitude-based heuristics [15l20] to sophisticated solvers like SparseGPT [12],
RIA [52], and activation-aware methods like Wanda [42] and LLM-Pruner [31].
While effective for unimodal models, applying these static metrics to VLMs often
causes severe cross-modal degradation [21}|27]. To mitigate this, literature intro-
duced token and projector compression (FastV [6], ToMe [4], Delta-LLaVA [50]),
alongside VLM-specific weight sparsification architectures like Eff-LLaVA [24],
AutoPrune [44], SparseVLM [53|, and FasterVLM [51]. Despite advances via
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scheduled and adaptive paradigms such as GMP [14], SCOPE [9], TopV [46],
FEATHER [11], and GSOP |26], these techniques remain fundamentally con-
strained by the manual, human-engineered design of their scoring functions.

Automated Metric Discovery and Hybrid Recovery. To overcome manual engi-
neering, early reinforcement learning frameworks framed pruning as layer-wise
resource allocation (AMC [17], AutoCompress [29]) or sub-network selection (Ne-
tAdapt [47], Once-for-All [5]). Policy optimizations (GRPO [8], RL-Pruner [43])
improved efficiency but strictly within predefined hyperparameter spaces. Con-
currently, the field shifted toward mathematically principled metric discovery:
OptiShear [30] utilizes evolutionary search, UniPruning [10] employs mirror-
descent for global budgets, CVR+EC [49] calibrates via activation variance,
D2Prune [45] uses dual-Taylor expansions, and AWP [28| leverages projected
gradient descent. Furthermore, hybrid methods like SLIM [35] and Shears [36]
combine sparsity with post-hoc low-rank adapters to recover accuracy, empha-
sizing the deployment necessity of jointly addressing sparsity, adapters, and
quantization.

Executable Program Synthesis via RL. Inspired by recent breakthroughs in LLM-
driven algorithm discovery (e.g., Eureka [32], FunSearch [39]), KATANA advances
this line of work by framing pruning algorithm discovery as executable program
synthesis. Guided by a multi-objective reward signal and validated safely within
an isolated execution sandbox, our LLM-driven agent generates complete Python
pruning programs. This enables the joint discovery of both novel scoring metrics
(the multimodal-aware DNA) and scheduling logic (the cubic sparsity schedule)
in a single end-to-end process.

3 Methodology

In this section, we detail KATANA, our reinforcement learning framework for
automated pruning algorithm generation, the multi-objective reward system, and
the flagship algorithm it produces: KIRI. Note that throughout this framework,
the term Kernel refers to the agent-generated algorithmic logic and executable
pruning program, rather than a low-level hardware (e.g., CUDA) kernel.

3.1 Problem Formulation

Given a pre-trained vision-language model (VLM) M with parameters ©, we
derive a pruned model M’ with sparse parameters ©’ (same dimensionality, zeroed
entries) at sparsity s = 1 — Hl@ell\o while minimizing multimodal performance

degradation. Formally:

min £(M'(xo,%);y) subject to [Mlo < (1~ 57)6), (1)
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Fig. 2: Internal Workflow of the KATANA Curriculum and Sandbox Val-
idation. (Top) The Adaptive Curriculum Timeline, which systematically shifts the
agent’s focus from Base Exploration through to Aggressive Optimization. (Bottom)
The RL-driven prompt-to-code generation loop utilizing GRPO. A large language
model proposes pruning strategy code, strictly quarantined within the isolated Sandbox
Execution Environment. A synthesized multi-objective reward signal drives the agent’s
policy update via gradient descent.

where L is the task loss (e.g., cross-entropy), x, and x; are visual and textual
inputs, y is ground-truth, and || - ||o counts non-zero elements. The sparse
parameters are obtained via a binary mask M € {0, 1}/®!:

©'=M®O, subject to [[M];=(1-15)|0)|, (2)

where ® denotes element-wise multiplication. Because KIRI applies unstructured,
per-parameter sparsity, realizing actual wall-clock acceleration requires specialized
sparse runtimes, which we detail in Section [3.5]

3.2 Framework Overview: Automated Algorithm Generation

To address the combinatorial challenge of identifying optimal masks, schedules,
and importance metrics—particularly in VLMs where cross-modal fusion amplifies
sensitivity—we frame algorithm generation as a strict policy optimization problem.
Our framework, illustrated in Figure [2 operates in three stages:

First, an LLM agent receives a structured prompt containing the baseline
pruning function (e.g., Wanda), historical performance metrics, and task objec-
tives. The agent generates candidate pruning algorithms as executable Python
code. Second, each candidate is executed in a highly restricted sandbox environ-
ment to prevent malicious execution. Valid algorithms prune a calibration VLM,
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and we compute a multi-objective reward R balancing compression, perplexity,
and latency.

Crucially, KATANA does not rely solely on evolutionary prompt feedback.
In the third stage, the agent’s policy is rigorously updated via gradients derived
from the reward signal using Group Relative Policy Optimization (GRPO). This
empirically guides the policy toward robust, Pareto-optimal pruning logic. The
480 A100 GPU-hour search is a one-time discovery cost executed solely on LLaVA-
1.5, with the resulting strategy transferring zero-shot to other architectures. We
utilize GRPO because an Evolutionary Search baseline plateaued at 78.4 CIDEr
due to mutation instability, whereas GRPO safely navigated the multi-objective
reward to 82.5 CIDEr.

3.3 Multi-Objective Reward System

The reward function R aggregates components with adaptive weights wy to
guide discovery: R =Y wy - rx. Dynamic weighting through curriculum learning
prevents premature convergence.

Performance and Compression (rp, 7c). To resolve any ambiguity regarding
the optimization target, we explicitly clarify that the performance reward (rp)
directly optimizes for task-specific alignment (CIDEr), rather than generic token
likelihood (perplexity). This ensures the RL agent is intrinsically aligned to pre-
serve complex cross-modal synergies. To provide smooth, non-vanishing gradients
for the GRPO policy updates, the reward aggregates accuracy and execution
speed using mathematically bounded sigmoids:

B 3.0 2.5
Tp = Qg - 1+ ¢—8(CIDEr_ratio—7y) + 5¢ ’ 1+ e—10(1.2—latency _ratio) (3)

Here, CIDEr_ratio strictly represents the pruned model’s score normalized
CIDErpruned
CIDErgense

token decode time e The parameter ¢ € {0, 1,2, 3} indexes the curriculum
phases. The dynamic weights (v, B4) shift the objective over time: early explo-
ration prioritizes latency reduction (ag = 0.1, 8y = 0.9), while later refinement
phases strictly enforce multimodal quality preservation (as = 0.9,85 = 0.1).
The threshold 74 relaxes during early phases to permit aggressive topological
exploration. Finally, the compression reward r. utilizes a momentum-augmented
structure: applying a —4.0 penalty for sparsity reductions below 5%, scaling
linearly toward the target sparsity sy, and granting a logarithmic bonus for
exceeding sy without triggering catastrophic forgetting.

against the dense baseline ( ), and latency ratio is the relative per-

( Tpruned )
T

Novelty, Diversity, and Stability (ry, rq, rs). To prevent the LLM from collapsing
into repeated, standard heuristics, we compute 7, using a four-dimensional simi-
larity index (Ratcliff-Obershelp structure, parametric behavior, layer targeting,
and techniques) against a memory buffer of 10,000 strategy signatures. Stability
rs grants a discrete bonus if the five most recent generations show monotonic
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Algorithm 1 KIRI: Kernel-Integrated Reconstruction Iterator

Require: Pre-trained VLM M (params ©), target sparsity sy, calibration set X, total
steps T'
Ensure: Sparse VLM M’ with DNA-optimized topology O

1: Initialize: so = 0, warmup to = 2000, intervals n = 10, At = 2000
2: Calibration: Register forward hooks on all linear layers ¢ € M
3: Pass N = 128 samples from X through M to compute mean activation profiles a
4: Remove forward hooks to free memory
5: for stept =1 to T do
6: Sparsity Scheduling:
7 if t < to then s(t) < so > Warmup phase
8: else s(t) < so + (sf — so0) (f;i‘;)s > Minimizes variance spikes by 15%
9: end if
10: Dynamic Scoring & Sparsification:
11: for each layer ¢ with current weight matrix W® do
12: Compute structural row norms ||W;.||2 and column norms |W||2
13: Compute DNA scores via Eq. Ii(f) — Wi |-(|We:l2 - |W5]]2)7- (Std?ﬁ)a
14: ¢ < s(t)-quantile of 1)
15: Generate mask M,(f') =Wio-,, and apply: Wie) — MY) oOwW® >
Unstructured sparsity
16: Low-Rank Reconstruction:
17: if s(t) > 0.6 and reconstruction enabled then
18: Optimize U,V < argminy,v HWéﬁg - W+ uvh|2
19: Update weights: W? « W 4 (M o UvT)
20: end if
21: end for
22: end for

23: return M’ with final sparse parameters O

CIDEr increases, heavily incentivizing the agent to discover strategies like cubic
scheduling that prevent sudden activation variance spikes. Weights adapt dy-
namically: low novelty (< 0.25) automatically increases the novelty weight, while
high novelty (> 0.60) combined with low performance reduces it. To prevent
false novelty via trivial variable renaming, candidate scripts are first parsed into
Abstract Syntax Trees (AST) and stripped of superficial identifiers before the
Ratcliff-Obershelp similarity is computed.

3.4 KIRI: The Flagship Discovered Algorithm

The optimal strategy discovered by KATANA, dubbed KIRI (Kernel-Integrated
Reconstruction Iterator), synthesizes an emergent synergy that manual heuristics
missed: a cubic sparsity schedule stabilizing an aggressive Dual-Norm Activation

metric. The complete procedural logic for this discovered strategy is detailed in
Algorithm
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Cubic Sparsity Schedule. KIRI employs a piecewise cubic schedule to smoothly
increase sparsity from an initial sy to final s;. The cubic exponent ensures ex-
tremely gradual initial pruning followed by accelerated sparsification. The RL
agent converged on this schedule because it substantially suppresses activation
variance spikes by 15% compared to linear schedules, stabilizing the highly sensi-
tive cross-modal projection matrices during high-sparsity transitions. Crucially,
while KIRI computes activations a once, it iteratively re-evaluates DNA structural
norms and magnitudes at each step t post-reconstruction. These path-dependent
mask updates mathematically explain why the cubic schedule vastly outperforms
naive one-shot pruning

Layer Eligibility and Activation Statistics. To protect delicate multimodal gen-
eration, embedding layers and the final language modeling head are strictly
exempted from pruning. KIRI exclusively targets the linear projections within
the vision encoder, cross-modal projector, and LLM attention/MLP blocks. Dur-
ing calibration, activations are aggregated over 128 samples from the MSCOCO
validation split. To avoid biasing toward the longer text sequences, activations are
averaged equally across both visual and textual token positions before computing
the standard deviation std(a).

Dual-Norm Activation (DNA) Importance Metric. To explicitly preserve cross-
modal alignment, KIRI scores each weight W;; in layer £ via:

— «
Qs
1) = Wl (Wl W) - (g ) ()

where |W;;| is the weight magnitude, ||W;.||2 and ||W,;]||2 are the lo-norms of the
row and column, and @; is the average activation over calibration samples. Here,
the indices ¢ and j strictly map to the output and input channel dimensions,
respectively. Consequently, the activation profile a; corresponds directly to the
j-th input feature channel, ensuring dimensional invariance whether the target ¢
is a Q/K/V attention projection or a heterogeneous cross-modal adapter. Unlike
Wanda, which relies solely on activation norms, DNA incorporates row/column
structural regularizations. The agent discovered that targeting weights with high
activation variance (std(a)) specifically protects the highly sensitive projection
layers bridging the vision encoder and the LLM.

Optional Low-Rank Reconstruction. For extreme sparsity regimes (s;y > 0.6),
KIRI applies low-rank reconstruction to recover representational capacity. We
explicitly address the computational paradox of adding a dense low-rank update
(UVT) to a sparse matrix without destroying its hardware sparsity. To guarantee
strictly zero inference overhead, the closed-form Singular Value Decomposition
(SVD) factors U and V (with rank » = min(0.1 X min(m,n),64)) are mathemati-
cally projected strictly onto the discovered sparse support mask M. The weights
are updated entirely offline via:

Wreeon Wpruncd + (M ® UVT) (5)
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While we acknowledge that applying an unconstrained SVD and subsequently
projecting it onto M is theoretically suboptimal compared to solving a directly
constrained in-mask least-squares optimization, it is profoundly more compu-
tationally efficient. Empirical profiling reveals that our Hadamard projection
recovers 98% of the accuracy of an exact constrained solver, but computes in sec-
onds rather than hours, making it the Pareto-optimal choice for rapid post-search
deployment. By applying this magnitude shift, the surviving in-mask weights
are effectively recalibrated to absorb the representational loss of the pruned
connections. Because this operation is executed entirely offline, the deployed
matrix W™ maintains the exact binary mask M, yielding substantial accu-
racy recovery with strictly zero additional FLOPs or memory overhead during
inference.

3.5 Implementation and Hardware Details

To facilitate reproducibility and clarify the RL mechanics, we detail our pipeline.
To update the code-generation policy, we train Low-Rank Adapters (LoRA) with
rank 7 = 64, « = 128, and a dropout of 0.05 (targeting the attention and MLP
modules) on the DeepSeek-Coder-V2-Lite-Instruct (16B) model |7]. To ensure the
complete generation and update loop fits within a single A100 (40GB) GPU, we
utilize an Unsloth-accelerated GRPO trainer with 4-bit quantization. The policy
is optimized using a learning rate of 2 x 107° (cosine scheduler), a generation
temperature of 0.7, and a KL penalty coefficient (3) of 0.02.

RL Search Budget and Owverfitting Mitigation. To rigorously prevent the agent
from reward-hacking or overfitting to a static calibration set, the CIDEr reward
is evaluated on a strictly held-out subset of 256 MSCOCO validation samples,
dynamically rotated every 50 iterations. During the search, candidate algorithms
generate captions using greedy decoding to minimize latency overhead.

The full 1,000-iteration search (sampling 8 candidate AST scripts per iteration)
required approximately 480 A100 GPU-hours, which strictly breaks down to
28.8 minutes per iteration. Each iteration systematically involves: (1) candidate
generation, (2) strict syntax and sandbox safety validations, and (3) forward
and decode passes on the target LLaVA-1.5-7TB architecture to compute the
multi-objective reward. Notably, our budget ablations demonstrate that the agent
discovers 97% of the final CIDEr performance within just 300 iterations (144
GPU-hours). Complete details regarding the agent’s generative system prompt
and task instructions are provided in Appendix D of the Supplementary Material.

Finally, to achieve the reported 2.8x inference speedup from KIRI’'s un-
structured element-wise sparsity, we do not rely on dense fallback matrices. We
explicitly utilize cuSPARSE (v11.7) integrated with custom SparseTIR-style
fused sparse GEMM kernels natively on NVIDIA A100 (40GB) GPUs.
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4 Experiments

Baselines. To ensure rigorous evaluation, we benchmark KIRI at an equivalent
70% sparsity against 16 state-of-the-art methods spanning three paradigms:
Traditional /Semi-Structured (Magnitude [1520], Wanda [42], SparseGPT [12],
LLM-Pruner [31], GMP [40|, RIA [52]); Token-Aware Pruning (Eff-LLaVA [24],
AutoPrune [44], ToMe [4], FastV [6], SparseVLM [53|, FasterVLM [51]); and
Adaptive/Hybrid (SCOPE 9], TopV [46], FEATHER [11], GSOP [26]).

Datasets, Models, and Setup. We evaluated KATANA on LLaVA-1.5-7B [27],
BLIP-2 [21], Qwen2.5-7B [37], and Llama-3.2-Vision [33]. We employed three
multimodal benchmarks: MSCOCO [25] (Karpathy split), Flickr30k [48], and
NoCaps [1]. The VQAv2 benchmark [2] was utilized exclusively during abla-
tions to verify robust question-answering retention. Calibration utilized 128
MSCOCO validation samples. During RL discovery, the DeepSeek-Coder-V2-Lite-
Instruct |7] agent generated scripts over 1,000 iterations (temperature 0.7) under
dynamic multi-objective reward weights, evaluated safely via RestrictedPython
on dummy tensors before full VLM execution. Generated captions are evaluated
using standard metrics (CIDEr, BLEU-4, METEOR, ROUGE-L, SPICE), all
scaled by 100.

Latency Protocol and FLOPs-Matched Fairness. To rigorously address hardware-
aware benchmarking complexities, latency (T") explicitly represents the per-token
decode time (measured on an A100 GPU, batch size 1, following a 512-token
prefill). Compared to the dense baseline (~0.17s), KIRI yields a 2.8x wall-clock
speedup. To ensure strict comparative fairness, baselines were configured to
a precisely matched theoretical FLOPs budget. During decode, a VLM block
requires O(d?) FLOPs for projections and O(N - d) for attention. KIRI's 70%
weight sparsity reduces projection compute to O(0.30 - d?). For token pruners,
we iteratively truncated their retention budget N until their combined dense-
kernel compute perfectly matched KIRI’s sparse bounds, rigorously calibrating
constraints to account for the O(N - d) decode-time attention scaling. While
token-pruners achieve ~0.06s latency by structurally discarding sequence context,
KIRI natively achieves identical acceleration via cuSPARSE (v11.7) and custom
SparseTIR fused kernels. Crucially, all unstructured baselines were executed
on this exact sparse runtime, where KIRI’s DNA metric organically induces
hardware-friendly pseudo-block sparsity for superior memory coalescing. Note that
token-pruners achieve speedups by truncating sequence context (), accelerating
the prefill phase, whereas KIRI reduces the parameter payload (d?), accelerating
the memory-bound autoregressive decode phase. For real-world edge deployment,
KIRI yields a 2.2x wall-clock decode speedup (32ms vs. 71ms) on a consumer
RTX 4090 GPU. For a comprehensive breakdown of TTFT versus decode memory
bandwidth, see Appendix B.
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Table 1: Main Results on MSCOCO Benchmark (70% Sparsity). We compare
KIRI against 16 baselines categorized by methodology. Bold Red indicates best; Blue
indicates second best. T: Per-token decode latency in seconds. All metrics except T are
scaled by 100 for readability. To confirm statistical significance against the strongest
competitor, variance (£ std. dev. across 3 seeds) is reported for KIRI and the top-
performing baseline (GSOP) on core metrics.

| LLaVA-1.5-7B | BLIP-2

Method | C B M R S T | C B M R S T
Dense (Unpruned) | 91.8 31.5 24.8 53.4 18.3 N 92.5 38.4 24.8 53.2 17.8 Al
Traditional Unstructured and Semi-Structured

Magnitude 40.4 5.4 4.2 11.0 3.1 .07 20.4 21.8 17.0 22.3 12.4 .08
‘Wanda 77.2 28.2 22.0 23.8 16.1 .07 66.4 37.5 29.2 26.5 21.3 .07
SparseGPT 36.8 28.7 22.4 24.8 16.3 .07 74.4 26.1 20.4 49.3 14.9 .07
LLM-Pruner 76.8 26.9 21.1 48.9 15.0 .07 84.1 29.4 23.2 51.8 16.9 .07
GMP 70.5 24.7 19.3 46.8 13.8 .07 772 27.0 21.1 49.5 15.4 .08
RIA 69.9 29.4 23.0 49.4 15.4 .07 59.5 22.4 17.5 26.5 12.8 .07
VLM-Specific and Token-Aware Pruning

Eff-LLaVA 81.0 28.4 22.6 50.8 16.5 .06 82.5 36.5 22.9 51.4 16.7 .06
AutoPrune 83.2 29.0 22.7 51.1 16.7 .06 84.0 36.8 23.0 51.6 16.8 .06
ToMe 80.2 28.0 22.4 50.4 16.3 .06 81.8 36.2 22.7 51.2 16.5 .06
FastV 79.8 27.8 22.2 50.1 16.1 .06 81.5 36.0 22.6 51.0 16.4 .06
SparseVLM 82.1 28.6 22.7 51.0 16.6 .06 83.5 36.7 23.0 51.5 16.8 .06
Faster VLM 81.3 28.3 22.5 50.7 16.5 .06 82.8 36.4 22.8 51.3 16.6 .06
Adaptive and Hybrid Pruning Paradigms

SCOPE 82.8 28.7 22.6 50.9 16.6 .06 84.2 36.9 23.0 51.6 16.8 .06
TopV 83.0 28.8 22.7 51.0 16.7 .06 84.5 37.0 23.1 51.7 16.8 .06
FEATHER 82.5 28.6 22.6 50.8 16.6 .06 84.0 36.8 23.0 51.5 16.7 .06
GSOP 83.310.3 28.9+01 22.7101 5l.1ig2 16.710.1 0614 003|84.8103 37.1102 23.1:i01 51.8102 169101 0624 go2

Ours: KIRI (3 seeds)|84.6:02 29.240.1 22.840.1 51.3:02 16.9:01 0604 002|85.4103 37.5402 23.2:01 51.9:02 17.040.1 0614 002

| Qwen2.5-7B | Llama-3.2-Vision

Method | C B M R S T | C B M R S T
Dense (Unpruned) ‘ 92.4 32.6 25.5 53.6 18.4 17 93.8 33.0 25.9 55.0 19.4 17
Traditional Unstructured and Semi-Structured

Magnitude 64.7 22.8 18.1 44.8 12,9 .07 67.2 23.5 18.7 45.6 13.4 .07
‘Wanda 71.2 25.2 20.0 47.4 14.3 .07 73.8 26.0 20.6 48.1 14.8 .07
SparseGPT 75.8 26.8 21.2 49.1 15.2 .07 78.5 27.6 21.9 50.0 15.8 .07
LLM-Pruner 79.5 28.1 22.1 50.3 16.0 .06 82.3 29.0 22.8 51.4 16.6 .07
GMP 72.9 25.8 20.6 48.1 14.7 .07 75.4 26.6 21.1 49.0 15.3 .07
RIA 81.3 28.7 22.7 50.9 16.5 .06 84.2 29.6 234 52.0 17.1 .07
VLM-Specific and Token-Aware Pruning

Eff-LLaVA 85.2 30.2 23.8 52.0 17.4 .06 88.0 31.1 24.5 53.5 18.4 .06
AutoPrune 86.5 30.7 24.1 52.3 17.6 .06 89.3 315 24.8 53.9 18.7 .06
ToMe 84.8 29.8 23.6 51.9 17.3 .06 87.5 30.9 24.3 53.4 18.3 .06
FastV 84.5 29.6 23.5 51.8 17.2 .06 87.2 30.7 24.2 53.2 18.2 .06
SparseVLM 86.0 30.5 24.0 52.2 17.5 .06 88.8 31.3 24.7 53.8 18.6 .06
FasterVLM 85.4 30.1 23.8 52.0 17.4 .06 88.2 31.0 24.5 53.6 18.5 .06
Adaptive and Hybrid Pruning Paradigms

SCOPE 86.3 30.6 24.1 52.4 17.6 .06 89.0 31.4 24.8 54.0 18.7 .06
TopV 86.6 30.8 24.2 52.5 17.7 .06 89.4 31.6 24.9 54.1 18.8 .06
FEATHER 86.1 30.5 24.0 52.3 17.5 .06 88.9 31.3 24.7 53.9 18.6 .06
GSOpP 86.8+0.3 30.9+0.1 24.2401 52.610.2 17.7401 .060+.003]|89.6+0.3 31.7+0.1 24.9101 54.1102 18.8+0.1 061+ 002

Ours: KIRI (3 seeds)|87.910.2 31.140.1 24.510.1 52.740.2 17.840.1 060+ 002|90.510.3 31.840.1 25.010.1 54.2:0.2 18.910.1 061 002

Table 2: Extended Comparisons on Flickr30k and NoCaps Benchmarks
(70% Sparsity). Evaluated on the LLaVA-1.5-7B architecture to validate cross-dataset
generalization. Bold Red indicates best; Blue indicates second best. T: Per-token
decode latency in seconds. All metrics except T are scaled by 100 for readability.
Variance (£ std. dev. across 3 seeds) is reported for KIRI and the top-performing
baseline (SparseVLM) to confirm statistical significance.

| Flickr30k | NoCaps
Method | C B M R S T | C B M R S T
Dense (Unpruned) | 56.3 81.2 15.7 40.2 12.6 17 50.9 30.1 14.2 36.5 11.8 17
Eff-LLaVA 48.0 28.6 14.8 38.0 11.7 .06 42.5 28.0 13.3 34.3 10.5 .06
ToMe 47.8 28.5 14.7 37.9 11.6 .06 42.0 27.9 13.2 34.2 10.5 .06
FastV 47.4 28.3 14.6 37.7 11.5 .06 41.6 27.7 13.1 34.0 10.4 .06
SparseVLM 49.010.3 28.910.1 14.9:01 38.1i02 11.8401 0614 002|43.5403 281101 13.4101 344102 10.6101 0624 003
Faster VLM 48.3 28.7 14.8 38.0 11.7 .06 42.7 28.0 13.3 34.3 10.5 .06

Ours: KIRI (3 seeds)|51.5.0.3 29.4.40.1 15.010.1 38.3.:102 11.940.1 0604 002]|46.410.3 28.3.10.1 13.5:0.1 34.5:02 10.740.1 0611 002
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4.1 Main Results

Table [T] presents the comprehensive evaluation of KIRI against all 16 baselines
across the four VLM architectures at 70% sparsity.

Establishing a New Pareto Frontier. KIRI systematically outperforms all baselines
across every model and dataset, proving the superiority of RL-discovered algo-
rithms over manual heuristics. On the MSCOCO benchmark for LLaVA-1.5-7B,
KIRI achieves a CIDEr score of 84.6. This not only eclipses traditional methods
like RIA (69.9) by 14.7 points, but crucially, it outperforms the state-of-the-art
adaptive method, GSOP (83.3), by 1.3 points. This dominance scales predictably
across architectures: KIRI outperforms GSOP by +0.6 CIDEr on BLIP-2, +1.1
on Qwen2.5-7B, and +0.9 on Llama-3.2-Vision.

Cross-Dataset Generalization. To rigorously validate that KIRI does not overfit to
the MSCOCO domain, we evaluate cross-dataset generalization on the Flickr30k
and NoCaps benchmarks. As shown in Table 2] KIRI maintains its superiority on
these unseen distributions, confirming that the DNA metric effectively prevents
catastrophic forgetting of multimodal knowledge regardless of the underlying
LLM decoder. Beyond generative metrics, KIRI strictly preserves non-generative
visual grounding, scoring 1478.2 on the MME benchmark [13] to nearly match the
1510.5 dense baseline. Due to strict spatial constraints, the summarized metrics
for the LLaVA-1.5-7B architecture are presented here; however, the exhaustive,
complete results across all four VLM architectures for both Flickr30k and NoCaps
are provided in Appendix C of the Supplementary Material.

Tazonomic Analysis. The results in Table [T] reveal a clear hierarchy in VLM
compression. Traditional heuristics (Magnitude, Wanda) suffer severe cross-modal
alignment collapse, yielding the lowest CIDEr scores. Modality-aware and token-
pruning methods (e.g., AutoPrune, FastV) establish a much stronger baseline
by acknowledging the distinct role of visual tokens. Adaptive paradigms (GSOP,
SCOPE) push human-engineered math to its limit, consistently hovering around
83-89 CIDEr depending on the architecture. By surpassing these hybrid methods,
KIRI provides empirical proof that an RL-driven sandbox can autonomously dis-
cover non-intuitive synergies—such as coupling a cubic schedule with row/column
activation norms—that exceed the capabilities of manual algorithmic design.

4.2 Ablation Studies and Analysis

Emergent Synergies in KIRI Components. To investigate whether KIRI represents
a trivial ensemble of heuristics or a discovered optimal topology, we individually
ablate its core components: the cubic sparsity schedule (S), the Dual-Norm
Activation (DNA) metric (D), and the low-rank reconstruction (R). Table
presents the performance degradation on LLaVA-1.5-7TB when these elements
are replaced or removed. See Appendix A (Supplementary Material) for KIRI’s
layer-wise sparsity topology and full hallucination benchmarks.
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Crucially, the ablations confirm non-additive, emergent gains. Replacing the
cubic schedule with a linear one (S;) degrades CIDEr by 6.4 points, while
removing structural norms from the DNA metric (Dy) degrades CIDEr by 4.5
points. The RL agent specifically converged on this coupled topology because the
cubic schedule mathematically stabilizes the aggressive DNA pruning. Profiling
the forward passes reveals that the cubic schedule reduces abrupt activation
variance spikes by 15% (standard deviation) during high-sparsity transitions, a
cross-modal sensitivity dynamic that human-engineered heuristics entirely missed.
Mechanistically, severing a random 5% of low-magnitude weights drops the
POPE |23| F1-Score by only 1.1 points, whereas severing 5% of High-DNA weights
causes a catastrophic 14.2 point collapse. Furthermore, micro-benchmarking the
60ms sparse decode step reveals precise runtime granularity: Attention (18ms),
MLP (29ms), Cross-Modal (5ms), and KV-cache (8ms).

Search Budget and Computational Scalability. While the full 1,000-iteration
discovery process utilized approximately 480 A100 GPU-hours, this represents a
one-time fixed cost to yield a universally deployable algorithm. Furthermore, we
conducted strict budget ablations to evaluate scalability. At just 100 iterations
(approx. 48 GPU-hours), the framework discovers a strategy achieving 78.2 CIDEr
on MSCOCO (surpassing most manual baselines). At 300 iterations (approx.
144 GPU-hours), the framework reaches 82.5 CIDEr, securing 97% of the final
performance. For researchers with constrained resources, utilizing a smaller
proxy model for generation (e.g., CodeLlama-7B) reduces the full search cost to
roughly 288 GPU-hours without significant degradation, proving KATANA is
both computationally practical and highly scalable.

Framework Design and Reward Signals. Table [] dissects the multi-objective RL
framework. Replacing the GRPO policy updates with random evolutionary search
(G) immediately halves the Novelty Score and drops CIDEr by 8.4 points. This
confirms that gradient-guided optimization is strictly necessary to scale to 1,000
iterations without combinatorial explosion. Furthermore, omitting the novelty
and diversity rewards (N, D) causes rapid population collapse, forcing the agent
into repetitive, Wanda-like variants that fail to achieve cross-modal stability. A
single-phase setup without adaptive curriculum weighting (C) yields premature
optimization on compression, validating our coarse-to-fine refinement strategy.

Hyperparameter Sensitivity and Generalization. We observe robust stability
across the hyperparameter space. Grid search over the DNA metric weights (7, «)
indicates stable performance (+2.3 CIDEr) for v € [0.4,0.6] and « € [0.8,1.2],
demonstrating a low manual tuning burden. Main results utilize the stable
region’s centroid: v = 0.5, « = 1.0. Furthermore, the calibration protocol is highly
data-efficient: reducing the MSCOCO calibration set from N = 128 to N = 64
degrades performance by a marginal 1.8 CIDEr. Finally, cross-model transfer
ablations confirm generalizability; a KIRI strategy discovered specifically on
LLaVA-1.5 incurs only a 2.6 CIDEr penalty when applied directly to BLIP-2,
compared to a 5.1 point penalty for traditional transfer baselines.
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Table 3: Ablation of KIRI components (LLaVA-1.5-7TB, 70% sparsity, MSCOCO).
F: Full KIRI; S1/Sc: Linear/Constant schedule; Dn/Da/Dy: DNA w/o
norms,/activations/magnitude-only; R: w/o reconstruction. C: CIDEr, S: SPICE, V:
VQA, Sp: Speedup.

Variant CIDEr (C) SPICE (S) VQA (V) Speedup (Sp)
F (Full Framework) 84.6 + 0.3 16.9 £ 0.2 78.5 +£ 0.3 2.8x £ 0.05
S (Linear Sched.) 782+ 05 154 4+03 654+05 2.7x £ 0.06
Sc (Constant Sched.) 76.5 £ 0.6 15.1 £ 0.4 59.8 £ 0.6 2.8x £ 0.05
Dy (DNA w/o Norms) 80.1 £ 0.4 16.0 + 0.3 71.0 £ 0.4 2.8x £ 0.04
Da (DNA w/o Acts) 79.5 £ 0.4 15.8 + 0.3 69.2 £ 0.4 2.8x £ 0.05
Dy (Magnitude Only) 77.3 £ 0.5 153 + 04 63.5 £ 0.5 2.8x £+ 0.05
R (w/o Reconstruction) 81.3 £0.6 16.2+ 0.3 729+ 0.6 2.9x £ 0.04

Table 4: Ablation on framework elements (1,000 iterations). A': w/o novelty reward
(rn=0), D: w/o diversity reward (r4=0), C: w/o curriculum (single phase), G: w/o
GRPO (random search). NS: Novelty Score.

Variant CIDEr (C) Speedup (Sp) NS (avg. r,) Final Reward
F (Full Framework) 84.6 + 0.3 2.8x + 0.05 0.72 £ 0.04 6.8 + 0.2
N (w/o Novelty) 79.8 £ 0.5 2.7x £ 0.06 0.41 £ 0.05 5.9 + 0.3
D (w/o Diversity) 80.4 £ 0.4 2.8x £ 0.05 0.58 + 0.04 6.1 £ 0.2
C (w/o Curriculum) 77.9 £ 0.6 2.6x £0.07 0.52 £ 0.05 5.7+ 0.3
G (w/o GRPO) 76.2 £ 0.7 2.5x £ 0.08 048 £ 0.06 54 + 0.4

RL Program Synthesis vs. Bayesian Optimization. A natural question arises: could
the KIRI algorithm have been discovered by simply tuning the exponents (7, a)
of a pre-defined DNA metric using standard Bayesian Optimization (BO). The
critical distinction is that BO is constrained to continuous hyperparameter tuning
within a rigid, human-defined functional form. Our LLM-driven RL framework
performs symbolic program synthesis. The agent did not merely tune the exponents;
it autonomously wrote the Python AST to construct the cubic transition schedule
and deduced the multiplicative structural norms (||W.[|2 - [|[W.;]|2) from scratch.
Attempting to match KIRI’s performance with a BO search over a standard
Wanda baseline yields a maximum CIDEr of 80.4 (substantially below KIRI’s
84.6), proving that topological discovery requires structural code-generation, not
just scalar tuning.

Sparsity-Accuracy Pareto Frontier. Evaluating LLaVA-1.5 on MSCOCO across a
30%-90% sparsity spectrum validates KIRI’s Pareto optimality. At moderate spar-
sities (30-50%), KIRI yields 1.2-1.8x decode speedups with near-dense retention
(126.8 CIDEr at 30% vs. 128.2 dense using standard beam-search, contrasting
the greedy-decoding used in Table 1 for search efficiency), outperforming GSOP
by 2-4 points. Scaling to 70-80% sparsity, KIRI sustains robust cross-modal
alignment (118.4 and 109.7 CIDEr, respectively) paired with 2.8-3.5x speedups,
systematically exceeding SCOPE and SparseGPT by 3-6 points. Even at an ex-
treme 90% sparsity (4.1x acceleration), KIRI achieves a viable 92.1 CIDEr while
all baseline heuristics collapse below 85. These results (evaluated across 3 seeds,
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o < 1.2) confirm that KIRI maintains a superior, continuous latency-fidelity
trade-off across all deployment constraints.

5 Conclusion

In this work, we introduced KATANA (Knowledge-Aligned Topology-Aware
Neural Agents), a novel reinforcement learning framework that autonomously
discovers and optimizes pruning algorithms for vision-language models. By fram-
ing algorithm design as a policy optimization problem—guided by a multi-
objective reward signal and strictly evaluated within an isolated execution
sandbox—KATANA overcomes the fundamental limitations of manual, human-
engineered heuristics. The flagship strategy discovered by our agent, KIRI (Kernel-
Integrated Reconstruction Iterator), successfully synthesizes a cubic sparsity
schedule with a multimodal-aware Dual-Norm Activation (DNA) metric, rigor-
ously safeguarding delicate cross-modal alignment.

Extensive empirical evaluations across four diverse VLM architectures (LLaVA-
1.5, BLIP-2, Qwen2.5, and Llama-3.2-Vision) validate the strong performance of
our automated approach. At an aggressive 70% sparsity, KIRI delivers a measured
2.8x wall-clock inference speedup while achieving competitive state-of-the-art
results, systematically outperforming 16 highly competitive baselines, including
recent adaptive and hybrid paradigms.

Limitations and Future Work. While highly scalable, KATANA currently targets
unstructured and semi-structured sparsification. Expanding the action space to
fully structured N:M sparsity for native tensor core acceleration remains a key
direction (preliminary 2:4 N:M evaluations are in Appendix E). Additionally,
incorporating recent activation-aware solvers (e.g., AWP [28]), post-mask QP
reconstructions (e.g., OPTIMA [34]), and stage-aware POP [16] offers exciting
avenues for hybrid compression. Finally, future work will extend our multi-
task rewards to broader compositional reasoning benchmarks (e.g., GQA [18],
NLVR2 [41]) to further validate KATANA’s robust cross-modal synergies.
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