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Abstract

Modern supervised fine-tuning (SFT) trains
large language models on heterogeneous in-
struction mixtures, where the effective unit
of optimization is an individual instruction-
response pair rather than a coarse task label.
Existing parameter isolation methods mitigate
interference by assigning protected or trainable
subspaces at the task or training stage level, but
these units are often misaligned with actual pa-
rameter usage: instructions from the same task
may require conflicting computations, while in-
structions from different tasks may share latent
capabilities. We propose Instruction-Level Pa-
rameter Isolation (IPI), a fine-tuning frame-
work that routes each instruction’s update to a
sparse, capability-conditioned parameter sub-
space. IPI builds a multi-view instruction rep-
resentation, predicts importance factors with a
lightweight router, and uses an identity-trick
reparameterization that preserves dense for-
ward computation while exposing sparse base-
model gradients and a task-loss saliency signal
for router learning. Across heterogeneous in-
struction tuning benchmarks and multiple back-
bone models, IPI consistently improves perfor-
mance over strong fine-tuning and parameter-
isolation baselines. Further analyses show that
instruction-conditioned masks reduce destruc-
tive gradient interactions and capture optimiza-
tion structure that task labels miss.

1 Introduction

Supervised fine-tuning (SFT) adapts large language
models to instruction following by optimizing on
heterogeneous instruction-response pairs. In prac-
tice, these instructions often span diverse capability
domains, such as reasoning, coding, knowledge
use, and open-ended dialogue, while still updating
the same shared parameter space. Although such
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Figure 1: Motivation of IPI. Full SFT shares all pa-
rameters across heterogeneous instructions. Task-level
isolation uses fixed task masks, which can miss intra-
task heterogeneity and cross-task sharing. IPI predicts
an instruction-conditioned sparse update mask.

diversity improves capability coverage, it also cre-
ates parameter-level contention: an update that im-
proves one capability may move shared parameters
in a direction that harms another. This parameter-
level contention can manifest as the “seesaw phe-
nomenon” (Yu et al., 2020) and, especially in se-
quential or multi-stage fine-tuning, catastrophic for-
getting (McCloskey and Cohen, 1989; Kirkpatrick
et al., 2017; Xue et al., 2026b).

Prior parameter isolation methods mitigate inter-
ference by identifying important parameters and
selectively protecting or updating them during fine-
tuning. A common strategy is to estimate a fixed
mask for each task or training stage, which we re-
fer to as static task-level isolation (Wang et al.,
2025; Sorrenti et al., 2023). More recent dy-
namic isolation methods (Lin et al., 2026) update
a global mask over training time. Figure 1 con-
trasts these two paradigms with instruction-level
routing. While effective in reducing coarse inter-
ference, both paradigms still rely on task identity
or global training-stage statistics as proxies for pa-
rameter usage. This assumption is often too coarse
for instruction tuning.

The key issue is a mismatch between the unit
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of optimization and the unit of isolation. SFT
optimizes individual instruction-response pairs,
whereas task-level isolation groups many heteroge-
neous instructions under the same surface task la-
bel. A single dataset may contain examples requir-
ing direct arithmetic, symbolic reasoning, factual
retrieval, and open-ended generation. Conversely,
instructions from different datasets may invoke sim-
ilar latent computations. Therefore, task labels do
not reliably indicate which parameters should be
updated or protected for a particular instruction.
We argue that interference in heterogeneous instruc-
tion tuning is fundamentally instruction-level. The
relevant question is not merely which dataset an
example belongs to, but which latent capability the
specific instruction invokes. This perspective sug-
gests that parameter updates should be routed at
the instance level: compatible instructions should
be allowed to share update regions even across task
boundaries, while conflicting instructions within
the same task should be separated.

To this end, we propose Instruction-Level Pa-
rameter Isolation (IPI), a fine-grained framework
that predicts a sparse update mask for each instruc-
tion. IPI builds a multi-view capability represen-
tation from the instruction query, optional input
context, and a short response prefix. A lightweight
structured router maps this representation to row
and column importance factors for each routed
weight matrix, whose outer product defines an im-
plicit per-weight importance score. A hard Top-k
mask then selects the sparse update subspace for
the current instruction. A central design goal of
IPI is to isolate updates without damaging the pre-
trained forward computation. Therefore, IPI does
not mask the forward model. Instead, it introduces
an identity-trick reparameterization that preserves
the dense forward pass exactly while defining two
backward paths: masked gradients for updating the
base model and a first-order task-loss saliency sig-
nal for training the router. As a result, IPI performs
dense inference-compatible tuning while learning
instruction-conditioned sparse update routes.

We evaluate IPI on heterogeneous instruction
tuning benchmarks covering mathematical reason-
ing, logical reasoning, code generation, instruction
following, and dialogue. Across multiple backbone
models, IPI consistently improves over strong fine-
tuning and parameter-isolation baselines. Further
analyses show that instruction-conditioned masks
reduce destructive gradient interactions and bet-
ter reflect optimization similarity than surface task

labels.

Contributions. This work makes three contribu-
tions. First, we identify a unit mismatch in parame-
ter isolation for heterogeneous SFT: task labels and
global training-stage masks are unreliable proxies
for the parameter usage of individual instructions.
Second, we propose IPI, an instruction-conditioned
sparse update routing framework that preserves
dense forward computation while learning rout-
ing decisions from task-loss saliency through an
identity-trick gradient bridge. Third, we empiri-
cally show that instruction-level routing improves
heterogeneous SFT across model families, reduces
destructive gradient interactions, and captures opti-
mization patterns that task-level isolation misses.

2 Method

We propose Instruction-Level Parameter Isola-
tion (IPI), a fine-tuning framework that routes each
instruction’s update to a sparse parameter subspace
while preserving the dense pretrained forward com-
putation. Figure 2 illustrates the overall pipeline.
For each mini-batch, IPI builds instruction-level ca-
pability representations, uses a structured low-rank
router to predict row–column factors and Top-k
update masks, and applies an identity-trick repa-
rameterization so that the forward pass remains
dense while backward updates are sparsely routed.
The base model receives per-instance masked gra-
dients, the router is trained by a task-loss saliency
signal and load-balancing regularization, and the
final AdamW (Loshchilov and Hutter, 2017) step is
gated to prevent unselected coordinates from being
modified. The router is used only during training
and is discarded after fine-tuning, leaving a dense
model at inference. Detailed gradient derivations,
factorized Top-k selection, implementation details,
and the complete training algorithm are provided
in Appendix C and Appendix C.4.

2.1 Preliminaries and Problem Setup

Let θ ∈ Rd denote the parameters of a pre-trained
language model and D = {(xi,yi)}Ni=1 a super-
vised fine-tuning dataset, with per-example loss
Li(θ) = − log p(yi | xi;θ). Parameter isola-
tion introduces a binary update mask m ∈ {0, 1}d,
where mj = 1 means that coordinate j is allowed
to update. Static task-level isolation (Mallya and
Lazebnik, 2018; Wang et al., 2025) assigns one
fixed mask mt to all examples in task t, implicitly
assuming that task identity is a reliable proxy for
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Figure 2: Overview of Instruction-Level Parameter Isolation (IPI). IPI builds an instruction-level capability
representation, predicts a sparse update mask with a structured router, and uses an identity-trick reparameterization
to keep the forward pass dense while routing backward updates to instruction-conditioned parameter subspaces.

parameter usage. IPI instead predicts an instance-
conditioned update mask mi with a fixed update
budget ∥mi∥0 = k:

θ ← θ − η
(
mi ⊙∇θLi

)
. (1)

In mini-batch training, different instructions may
activate different update supports. Therefore, IPI
accumulates per-instance masked gradients rather
than applying one shared mask to the whole batch.

2.2 Instruction-Level Capability
Representation

For each instruction xi, IPI constructs a dense ca-
pability vector ci ∈ Rh from three stop-gradient
views:

ci = sg

(
pquery + pinput + pprefix

3

)
, (2)

where sg(·) denotes stop-gradient. Here pquery

summarizes the instruction query, pinput summa-
rizes the optional input context and is set to zero

when absent, and pprefix summarizes a short re-
sponse prefix obtained from a teacher-forced for-
ward pass during training. Each view is computed
by averaging last-layer hidden states. Detaching
these representations provides a stable routing sig-
nal without introducing higher-order interactions
between the router and the backbone.

The response-prefix view is used only for
training-time update routing. After fine-tuning, the
router is discarded and inference uses the dense
fine-tuned model alone. Thus teacher-forced pre-
fixes do not alter inference-time inputs. For held-
out routing analyses, we use generated prefixes or
a prefix-ablated variant to avoid conditioning on
gold responses.

2.3 Capability-Conditioned Low-Rank
Router

A naive instruction-conditioned importance tensor
over a weight matrix W(ℓ) ∈ Rpℓ×qℓ would require
one score for every trainable coordinate. This is im-
practical for large language models. IPI therefore
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predicts importance scores through a structured
row–column factorization.

For each routed layer ℓ, the capability vector is
first mapped to a low-dimensional routing bottle-
neck:

z
(ℓ)
i = σ

(
A(ℓ)ci

)
, A(ℓ) ∈ Rr×h, (3)

where r ≪ h is the routing rank. The router then
predicts row and column factors:

u
(ℓ)
i = σ

(
B

(ℓ)
u z

(ℓ)
i

)
∈ (0, 1)pℓ ,

v
(ℓ)
i = σ

(
B

(ℓ)
v z

(ℓ)
i

)
∈ (0, 1)qℓ .

(4)

The implicit per-weight importance score is

α
(ℓ)
i,(a,b) = u

(ℓ)
i,av

(ℓ)
i,b . (5)

This factorization reflects a structural bias: an in-
struction may preferentially recruit certain output
channels and input channels, and their interaction
determines the importance of a specific weight.
In practice, the full score matrix α

(ℓ)
i is not ma-

terialized; Top-k selection is performed over the
factorized scores, with complexity details in Ap-
pendix C.5. Section 4.5 ablates this structured pa-
rameterization against a coarser block-level router
and a tied-factor variant, and shows that routing
quality changes little beyond r = 8.

2.4 Sparse Update Selection and Identity
Trick

For each instruction, IPI converts continuous im-
portance scores into a hard sparse update mask.
For layer ℓ, we select kℓ coordinate pairs from the
implicit outer product:

m
(ℓ)
i = TopK

(
α

(ℓ)
i , kℓ

)
,

L∑

ℓ=1

kℓ = k. (6)

The allocation kℓ ∝ pℓqℓ keeps the update budget
comparable across routed layers.

A naive post-hoc application of mi to the gradi-
ent would make the forward loss independent of the
mask, leaving the router without task-loss super-
vision. Directly masking forward weights is also
undesirable under highly sparse update budgets, be-
cause it would remove most pretrained computation
from the forward pass. IPI therefore separates the
dense forward computation from the sparse update
gate. Figure 3 illustrates this design: the forward
computation remains dense, while the backward

                                              

                                    

   
 
             

 
            

 
     

        

   
 
    

             
         

         

  
 
      

 
     

 

  
 
 
 
      

 
    

                                                  

                     

      

              

 

   

                        

  
 
     

 

                         

        

               

  
 
    

                 

                  

Figure 3: Identity-trick reparameterization: dense for-
ward computation with sparse base-model gradients and
router saliency gradients.

pass sends masked gradients to the base model and
a task-loss saliency signal to the router. We first
define a straight-through estimator (STE) mask for
the hard Top-k selection (Bengio et al., 2013; Jang
et al., 2016), m̃i = sg(mi − αi) + αi, so that
numerically m̃i = mi in the forward pass while
gradients are passed to αi in the backward pass.

For coordinate j, IPI defines the effective weight
used by instruction i as

θ̂i,j = sg(θj) + sg(mi,j)
(
θj − sg(θj)

)

+ sg(θj)
(
m̃i,j − sg(m̃i,j)

)
.

(7)

Writing gi,j = ∂Li(θ)/∂θj , this reparameteriza-
tion induces three behaviors simultaneously:

θ̂i,j = θj ,
∂Li
∂θj

= mi,jgi,j ,

∂Li
∂αi,j

≈ gi,jθj .

(8)

Both residual terms in Eq. (7) are zero in value, so
the forward pass is identical to ordinary dense SFT;
the base model receives a gradient only on the co-
ordinates selected for instruction i; and the router
receives a task-loss saliency signal. Under gra-
dient descent, the last term promotes coordinates
with large descent saliency −gi,jθj , which can be
interpreted as a movement-style first-order impor-
tance signal conditioned on each instruction (Sanh
et al., 2020). Therefore, the same loss simultane-
ously trains the base model with sparse updates and
trains the router to select useful update coordinates.
The full derivation is deferred to Appendix C.1.

In mini-batch training, routed linear layers accu-
mulate per-instance masked gradients, ∇θLbase =
B−1

∑
i∈B mi ⊙ gi, while the router receives the

STE saliency signal through αi; the custom back-
ward implementation is described in Appendix C.2.
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Finally, masking gradients alone is insufficient
under AdamW, because decoupled weight decay
can still modify coordinates with zero gradient.
We therefore also gate the final optimizer up-
date with the batch-level update gate m̄B,j =
I(
∑

i∈B mi,j > 0):

θt+1 = θt + m̄B ⊙AdamWStep(θt,∇θLtotal).
(9)

Thus unselected coordinates receive neither gradi-
ent updates nor decoupled weight decay.

2.5 Training Objective and Load Balancing
The primary objective is the standard cross-entropy
loss evaluated on the identity-trick weights, LCE =
B−1

∑B
i=1 Li(θ̂i). Forward-wise, this is equiv-

alent to ordinary dense SFT; the dependence on
mask scores appears through the backward paths
defined above.

Without regularization, the router may collapse
to a shared sparse subnetwork for all instructions.
To discourage this, we apply a factor-level load-
balancing regularizer. For each routed layer, we
normalize the predicted row and column factors to
unit mass and average them over the mini-batch,
yielding ū(ℓ) and v̄(ℓ) (Appendix C.5). The load-
balancing loss maximizes their entropy, and the
total objective is

Llb = −
L∑

ℓ=1

[
H(ū(ℓ)) + H(v̄(ℓ))

]
,

Ltotal = LCE + λlbLlb.
(10)

This regularizer discourages all instructions in a
batch from concentrating on the same rows and
columns, while still allowing each individual in-
struction to specialize. We linearly anneal λlb to
zero during training.

3 Experimental Setup

We evaluate IPI in a sequential heterogeneous SFT
setting, where instructions from multiple capability
domains are fine-tuned in a multi-stage training
stream. This setting tests whether instruction-level
routing can reduce interference and forgetting un-
der distribution shifts across stages, without rely-
ing on coarse task-level masks. Full dataset details,
judging protocols, baseline definitions, normaliza-
tion rules, and hyperparameters are provided in
Appendix B.
Datasets and metrics. We use five bench-
marks covering complementary capabilities:

GSM8K (Cobbe et al., 2021) for mathematical
reasoning, LogiQA (Liu et al., 2020) for logical
reasoning, CodeAlpaca (Chaudhary, 2023) for
code generation, and Alpaca (Taori et al., 2023)
and UltraChat (Ding et al., 2023) for instruction
following and dialogue. GSM8K and LogiQA
are evaluated by accuracy, CodeAlpaca by Code-
BLEU (Ren et al., 2020), and Alpaca/UltraChat
by GPT-4 (OpenAI et al., 2024) scoring on a
1–10 scale. We also report Avg. Norm. Score as a
compact cross-capability summary.
Baselines. We compare IPI with Full SFT, Ran-
dom Sparse Fine-Tuning, Heuristic Sparse Fine-
Tuning, Static Isolation, and Evolving Parameter
Isolation (EPI) (Lin et al., 2026). These baselines
separate the effects of full shared optimization,
generic sparse updating, fixed task-level masks,
and global dynamic isolation. The key compari-
son is between task- or stage-level isolation and
instruction-conditioned routing: EPI maintains a
global evolving mask over the training trajectory,
whereas IPI predicts a distinct update support for
each instruction.
Implementation. We evaluate LLaMA-3.1-
8B (Grattafiori et al., 2024), Mistral-7B (Jiang et al.,
2023), Qwen3-8B (Yang et al., 2025), and Gemma-
3-12B (Team et al., 2025). All methods are trained
with AdamW for three epochs under the same task
order, data budget, and optimization budget. IPI
uses a per-instruction update sparsity of 1%, rout-
ing rank r = 8, and load-balancing coefficient
λlb = 0.01, which is linearly annealed to zero. All
experiments use three random seeds.

4 Experimental Results and Analysis

Table 1 reports the main results across four model
families and five heterogeneous instruction tuning
benchmarks. The comparison is designed to answer
three questions: whether instruction-conditioned
sparse updates improve over full shared SFT,
whether learned routing is more effective than
generic sparse fine-tuning, and whether instruction-
level masks provide finer control than static or
global dynamic isolation.

4.1 Overall Performance Comparison

IPI consistently outperforms all baselines across
backbone models and evaluation benchmarks.
Compared with Full SFT, IPI improves the Avg.
Norm. Score by +0.96 on LLaMA-3.1-8B, +0.86
on Mistral-7B, +0.95 on Qwen3-8B, and +0.95
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Base Model Method GSM8K CodeAlpaca LogiQA Alpaca UltraChat Avg. Norm.

LLaMA-3.1-8B

Full SFT 57.6 29.1 61.4 8.12 8.28 7.60
Random Sparse FT 58.7 28.8 62.0 8.18 8.36 7.70
Heuristic Sparse FT 61.3 30.8 62.5 8.06 8.25 7.91
Static Isolation 60.8 30.3 63.7 8.31 8.55 8.00
EPI 63.2 32.1 66.1 8.58 8.86 8.32
IPI (Ours) 64.7 33.0 67.6 8.81 9.08 8.56

Mistral-7B

Full SFT 53.0 26.8 58.7 7.54 7.88 7.04
Random Sparse FT 54.2 26.4 59.4 7.66 8.00 7.16
Heuristic Sparse FT 57.1 26.9 61.1 7.43 7.82 7.39
Static Isolation 56.6 28.0 61.3 7.79 8.13 7.43
EPI 59.0 29.6 63.0 8.17 8.42 7.73
IPI (Ours) 60.4 30.6 64.4 8.39 8.64 7.90

Qwen3-8B

Full SFT 59.2 30.0 62.9 8.32 8.47 7.83
Random Sparse FT 60.0 29.8 63.5 8.43 8.60 7.94
Heuristic Sparse FT 61.4 32.0 66.0 8.24 8.45 8.09
Static Isolation 62.3 31.5 65.5 8.58 8.87 8.20
EPI 64.7 33.0 67.8 8.88 9.18 8.55
IPI (Ours) 66.1 34.2 69.4 9.07 9.38 8.78

Gemma-3-12B

Full SFT 61.0 31.4 65.1 8.68 8.92 8.15
Random Sparse FT 62.1 31.0 65.7 8.79 9.02 8.26
Heuristic Sparse FT 65.0 33.1 67.3 8.61 8.86 8.46
Static Isolation 64.5 32.7 67.6 8.92 9.19 8.54
EPI 66.9 34.3 70.1 9.18 9.47 8.87
IPI (Ours) 68.3 35.5 71.6 9.36 9.66 9.10

Table 1: Main results across heterogeneous instruction tuning benchmarks. All values are averaged over three
random seeds; standard deviations are reported in Appendix B.4. Background colors denote the top-3 methods
within each model and metric, with darker green indicating higher performance.

on Gemma-3-12B. These gains are not confined
to a single benchmark: IPI improves mathemati-
cal reasoning, code generation, logical reasoning,
instruction following, and dialogue quality. For ex-
ample, on LLaMA-3.1-8B, IPI increases GSM8K
from 57.6 to 64.7, CodeAlpaca from 29.1 to 33.0,
and LogiQA from 61.4 to 67.6. This indicates that
instruction-conditioned sparse updates can improve
specialization while preserving general instruction-
following ability.

Generic sparse fine-tuning alone is not suffi-
cient. Random Sparse FT yields only small im-
provements over Full SFT, showing that sparsity by
itself does not explain the gains. Heuristic Sparse
FT is more competitive on reasoning- and code-
oriented metrics, entering the top three for GSM8K
or CodeAlpaca on every backbone, but it is less
stable on open-ended instruction-following and di-
alogue benchmarks and still trails Static Isolation,
EPI, and IPI in Avg. Norm. Score. Heuristic sparse
selection therefore helps when useful update di-
rections are relatively concentrated, but it cannot
reliably adapt to heterogeneous instruction-level

capability demands.

4.2 Comparison with Static and Global
Dynamic Isolation

Static Isolation improves over Full SFT by reducing
part of the cross-capability contention, especially
on open-ended instruction-following and dialogue
benchmarks. However, its fixed-mask assumption
limits its flexibility: a static support cannot sepa-
rate conflicting examples within the same task or
share update regions between compatible examples
from different tasks. Consistent with this, Heuris-
tic Sparse FT surpasses Static Isolation on several
reasoning or code metrics, while Static Isolation
remains stronger on average and more consistent
on Alpaca and UltraChat.

EPI further improves performance by updating a
global mask over the training trajectory, which cap-
tures temporal changes in parameter importance.
However, EPI still applies a shared mask at each
stage and therefore cannot adapt to instance-level
heterogeneity within a mini-batch. IPI provides an
additional level of granularity by conditioning the
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update mask on each instruction. Across model
families, IPI improves over EPI by +0.17 to +0.24
Avg. Norm. points. This gap is smaller than the
gain over Full SFT but is more diagnostic: it iso-
lates the benefit of instruction-conditioned routing
beyond global dynamic importance estimation. The
consistent improvement over EPI suggests that pa-
rameter importance is not only temporally evolving,
but also instance-dependent.

4.3 Robustness Across Model Families and
Capabilities

The gains are consistent across LLaMA, Mistral,
Qwen, and Gemma backbones, so the method is
not tied to a specific architecture. They are largest
on reasoning-heavy and code-oriented benchmarks,
where heterogeneous instructions are most likely to
induce conflicting update directions, while Alpaca
and UltraChat also improve, indicating that sparse
update routing does not degrade open-ended gener-
ation. Overall, instruction-level routing provides a
more faithful unit of parameter isolation than task
labels, heuristic sparsity rules, or globally shared
masks.

4.4 Training Regime, Update Budget, and
Cost

Mixed-batch SFT. Standard SFT pipelines often
mix all capability domains within each mini-batch
instead of training in fixed stages. Because IPI
predicts a mask independently for each instruction,
it applies directly to this setting without modifica-
tion. Retraining with uniformly mixed batches,
Full SFT improves (7.60 → 7.85 on LLaMA-
3.1-8B and 7.83→ 8.06 on Qwen3-8B), because
removing the task ordering also removes stage-
induced forgetting. EPI loses most of its advan-
tage (8.32 → 8.18, 8.55 → 8.41), since its sin-
gle global evolving mask relies on the stage struc-
ture that mixing eliminates and cannot specialize
within a heterogeneous batch. IPI is essentially
unchanged (8.56 → 8.54, 8.78 → 8.75) and re-
mains the strongest method on both backbones,
confirming that it targets instruction-level rather
than stage-level interference. Full results are given
in Appendix E.3.

Matched update budgets. Table 2 asks whether
the gains simply follow from updating a favorable
number of parameters. IPI leads Random Sparse
FT, Static Isolation, and EPI at every matched
budget, so the improvement comes from routing

Budget k/d Random Sparse Static Isolation EPI IPI

0.5% 7.55 7.84 8.20 8.45
1.0% 7.70 8.00 8.32 8.56
2.0% 7.69 8.03 8.36 8.53
5.0% 7.64 7.96 8.28 8.42
10.0% 7.60 7.89 8.19 8.33

Table 2: Matched-budget sparsity sensitivity on
LLaMA-3.1-8B (Avg. Norm. Score). IPI leads at every
budget and peaks around the default 1% per-instruction
update budget.

Method Throughput Memory Router
Params

Inference
Cost

Full SFT 1.00× 1.00× — 1.00×
Static Isolation 0.91× 1.05× — 1.00×
EPI 0.88× 1.07× — 1.00×
IPI (Ours) 0.86× 1.09× ≈30M 1.00×

Table 3: Training efficiency on LLaMA-3.1-8B, mea-
sured at batch size 32. Throughput and memory are
normalized to Full SFT. The router is discarded after
fine-tuning, so all methods share the same inference
cost.

selectivity rather than update capacity. Perfor-
mance peaks around the default 1%: lower bud-
gets provide insufficient plasticity, whereas larger
budgets increase support overlap and therefore rein-
troduce interference. The near-saturation between
1% and 2% indicates that the default is a controlled
stability–plasticity trade-off rather than an arbitrary
heuristic.

Training cost. IPI adds three sources of training-
time overhead: building capability vectors, comput-
ing low-rank router factors, and factorized Top-k
selection over outer-product scores. As shown in
Table 3, this reduces throughput by 14% and in-
creases peak memory by less than 10%, since IPI
stores row–column factors and sparse coordinate
indices rather than dense per-weight score matri-
ces. The router is lightweight (≈30M parameters at
r = 8, roughly 0.4% of a 7B/8B backbone) and is
discarded after fine-tuning, so the deployed model
is a standard dense LLM with unchanged inference
cost. The relative overhead also does not grow with
load: routing costs O(rh+r(pℓ+qℓ)) per instance
and layer against a dense linear cost of O(pℓqℓ),
and the measured IPI-over-Full-SFT training-time
ratio is 1.18×, 1.16×, and 1.15× at batch sizes 16,
32, and 64, decreasing slightly as the fixed routing
cost is amortized over more instances.
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Method LLaMA-3.1-8B Qwen3-8B Avg. Drop

IPI (full) 8.56 8.78 –

Update-routing mechanism
w/o Identity Trick 7.66 7.86 −0.91
Frozen Router 7.69 7.91 −0.87
Dense Soft Masking 8.12 8.37 −0.43
w/o Load Balancing 8.31 8.54 −0.25
Capability representation
Query Only 8.42 8.64 −0.14
Query + Prefix (Gold) 8.45 8.67 −0.11
Query + Context 8.47 8.69 −0.09
Query + Context + Prefix (Gen.) 8.50 8.72 −0.06
Conditioning unit
Task-Conditioned Router 8.35 8.59 −0.20

Table 4: Core ablation results (Avg. Norm. Score). Avg.
Drop denotes the mean decrease relative to full IPI
across the two backbones. “w/o Identity Trick” replaces
the gradient bridge with post-hoc gradient masking,
“Frozen Router” keeps the randomly initialized router
fixed, and “Dense Soft Masking” replaces hard Top-k
gates with continuous update weights. The capability-
representation block ablates the three views of Eq. (2):
full IPI corresponds to Query + Context + Prefix with a
teacher-forced gold prefix, while “Prefix (Gen.)” sam-
ples the prefix from the current model instead.

4.5 Ablation Study

We conduct controlled ablations to isolate the core
design choices of IPI. We report Avg. Norm. Score
on two representative backbones, LLaMA-3.1-8B
and Qwen3-8B. All variants use the same sequen-
tial heterogeneous training stream, optimizer, spar-
sity budget, and training schedule as the main ex-
periments; additional diagnostics are provided in
Appendix F.

Update-routing mechanism. As shown in Ta-
ble 4, the identity-trick reparameterization is the
most critical component: removing it reduces the
two-model average by 0.91 points. This confirms
that post-hoc gradient masking is insufficient be-
cause it leaves the router without direct task-loss
supervision. The frozen-router variant shows a
similarly large drop, indicating that sparse update
supports must be learned rather than produced by
random or untrained routing. Both variants perform
close to or below generic sparse fine-tuning, further
supporting that IPI’s gains come from task-loss-
driven instruction-level routing rather than sparsity
alone. Dense soft masking also underperforms, sug-
gesting that hard sparse update gates are important
for isolating parameter updates. Removing load
balancing degrades performance as well, showing
that the router can otherwise collapse to a shared
sparse subnetwork; Appendix F.1 confirms that this

Router Variant Router Params Rel.
Throughput Avg. Norm.

Block-Level Router 0.12% 1.05× 8.36
Tied Row/Column Factors 0.40% 1.00× 8.43
Outer Product, r = 4 0.20% 1.02× 8.48
Outer Product, r = 8 0.40% 1.00× 8.56
Outer Product, r = 16 0.79% 0.98× 8.59
Outer Product, r = 32 1.58% 0.94× 8.60

Table 5: Router architecture and capacity ablation on
LLaMA-3.1-8B. Router parameters are reported as a per-
centage of the backbone parameter count, and through-
put is normalized to the default r = 8 outer-product
router used in Table 3.

drop coincides with a sharp increase in mask over-
lap and a loss of support coverage.

Capability representation and conditioning unit.
The middle block of Table 4 decomposes the multi-
view capability vector. Query-only routing is the
weakest variant, and adding either the input con-
text or the response prefix recovers part of the gap,
so both context and response-structure cues carry
information about the capability an instruction de-
mands; the two views are also complementary,
since the full three-view representation is best. Re-
placing the teacher-forced gold prefix with a short
prefix sampled from the current model retains most
of the gain (8.50 versus 8.56 on LLaMA-3.1-8B),
indicating that the prefix view supplies a signal
about expected response structure rather than sim-
ply exposing the target answer; since the router is
discarded after fine-tuning, no prefix is required
at inference. Finally, replacing the instruction-
conditioned router with a task-conditioned router
causes a clear drop, confirming that task identity
is too coarse a conditioning unit for heterogeneous
instruction tuning.

Router architecture and capacity. Table 5 ab-
lates the structured row–column router itself, so
that its design is not left as an unverified heuristic.
A coarser block-level router is cheaper but clearly
weaker, indicating that block-granular routing can-
not capture sufficiently fine-grained parameter us-
age, and tying the row and column factors also
degrades performance, so asymmetric input/output-
channel recruitment is useful. Increasing the bot-
tleneck rank from r = 4 to r = 16 improves per-
formance, but r = 32 adds only 0.01 points while
reducing throughput by a further 4%. We therefore
adopt r = 8 by default as a controlled efficiency–
performance trade-off, with r = 16 available as a
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slightly stronger but more expensive variant.

5 Further Analysis of Instruction-Level
Parameter Isolation

We provide two analyses to examine why IPI im-
proves heterogeneous SFT: whether instruction-
conditioned routing reduces destructive update in-
teractions, and whether surface task labels are re-
liable proxies for optimization similarity. Unless
otherwise specified, analyses use LLaMA-3.1-8B
during the early training phase; additional diagnos-
tics are provided in Appendix E.

5.1 Gradient Interference Reduction
We measure the cosine similarity of effective pa-
rameter updates during the first 500 training steps.
For IPI, the measured vector is the masked per-
instruction update mi ⊙ gi; for other isolation
methods, we apply their corresponding update
masks before computing similarity. We group sam-
pled instruction pairs into capability-aligned and
capability-conflicting pairs according to benchmark
capability categories. Table 6 reports the average
cosine similarity after each method’s update rule.

As shown in Table 6, Full SFT exhibits negative
similarity for capability-conflicting pairs, indicat-
ing destructive interactions in the shared parameter
space. Static Isolation reduces this conflict, and
EPI further weakens it through a global evolving
mask. IPI achieves the strongest alignment for com-
patible pairs and shifts conflicting pairs away from
negative interaction, suggesting that instruction-
conditioned supports route updates into more com-
patible sparse subspaces.

Method Aligned
Pairs

Conflicting
Pairs

Full SFT 0.018 −0.034
Static Isolation 0.026 −0.011
EPI 0.034 −0.004
IPI (Ours) 0.052 0.018

Table 6: Average cosine similarity of effective updates.
Higher values indicate more constructive update align-
ment.

5.2 Instruction-Level vs. Task-Level
Interference Patterns

We next test whether task identity reliably reflects
optimization similarity. We compute pairwise co-
sine similarity of full-parameter gradients for 2,000
sampled training instructions and group pairs by

Grouping Mean ↑ Std. Neg. High

Within GSM8K 0.41 0.27 10.8% 34.6%

Within CodeAlpaca 0.38 0.31 14.7% 31.2%

Within UltraChat 0.36 0.29 13.5% 29.4%

Cross-Task 0.05 0.18 38.9% 6.7%

Table 7: Gradient similarity by surface-task grouping.
“Neg.” denotes negative-cosine pairs; “High” denotes
pairs with cosine similarity above 0.5.

surface task labels. Table 7 summarizes the result-
ing similarity distribution.

Table 7 shows that within-task pairs have higher
mean similarity than random cross-task pairs, but
their large variance and non-negligible negative-
pair rates reveal substantial intra-task heterogene-
ity. Conversely, some cross-task pairs are strongly
aligned, indicating that compatible update direc-
tions can appear across task boundaries. These
results support the central motivation of IPI: in-
struction instances, rather than coarse task labels,
provide a more faithful unit for routing sparse pa-
rameter updates. Together with the matched-budget
comparison in Section 4.4, they indicate that the
gains come from learned routing selectivity rather
than from simply updating fewer parameters.

6 Conclusion

We argued that the unit of parameter isolation
should match the unit of optimization in supervised
instruction fine-tuning: the individual instruction-
response pair rather than the surface task label.
We proposed Instruction-Level Parameter Isola-
tion (IPI), which predicts instruction-conditioned
sparse update masks from multi-view capability
representations and, through an identity-trick repa-
rameterization, preserves dense pretrained forward
computation while learning routing decisions from
task-loss saliency and applying sparse AdamW-
compatible updates. Across diverse instruction tun-
ing benchmarks and multiple backbone models, IPI
consistently improves over full SFT, generic sparse
fine-tuning, static task-level isolation, and global
dynamic isolation, and further analyses show that
instruction-level masks reduce destructive gradient
interactions and reveal optimization structure that
task labels miss. Since the router is discarded after
fine-tuning, IPI is a practical training-time mecha-
nism for interference-aware adaptation that leaves
a standard dense model for inference.
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7 Limitations

IPI has several limitations. First, its capability rep-
resentation and sparsity budget are fixed rather than
adaptive. Although the query–context–prefix repre-
sentation and the 1% budget are validated by con-
trolled ablations, learned view aggregation or per-
instruction budget allocation may further improve
routing quality. Second, IPI introduces training-
time overhead from per-instance routing, factorized
Top-k selection, and custom backward accumula-
tion of per-instance masked gradients. The router
is discarded at inference, so IPI does not directly re-
duce inference latency unless combined with com-
pression or distillation. Finally, our analysis of
the identity trick is an exact structural characteri-
zation rather than a convergence theorem; while
it links mask overlap to gradient interference, a
tighter characterization of joint router–backbone
optimization remains open.
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A Related Work

A.1 Heterogeneous Instruction Tuning and
Interference

Supervised fine-tuning (SFT) has become a stan-
dard paradigm for adapting pretrained language
models to downstream instructions and user-facing
tasks (Wei et al., 2021; Chung et al., 2022; Mi-
naee et al., 2024). In practice, SFT is one stage
of a broader post-training pipeline that also in-
volves reward modeling and preference optimiza-
tion (Liu et al., 2025b; Gao et al., 2026; Xue et al.,
2026a) as well as curriculum design over the train-
ing stream (Wu et al., 2025a). Modern instruction
tuning datasets increasingly mix heterogeneous ca-
pabilities, including mathematical reasoning, logi-
cal reasoning, code generation, factual knowledge
use, and open-ended dialogue. While such mix-
tures improve broad instruction-following ability,
they also force diverse optimization objectives to
share the same parameter space.

This heterogeneity can induce destructive up-
date interactions. Gradients that improve one ca-
pability may conflict with gradients required by
another, leading to negative transfer, the “seesaw
phenomenon” (Yu et al., 2020), shifts in ability
composition under different fine-tuning mixtures
(Dong et al., 2024), and catastrophic forgetting in
sequential or multi-stage settings (McCloskey and
Cohen, 1989; Kirkpatrick et al., 2017; Hu et al.,
2026). Unlike conventional multi-task learning,
instruction tuning often contains substantial vari-
ation even within the same dataset or task label.
Therefore, the relevant unit of interference is not al-
ways the surface task, but the individual instruction-
response pair.

A.2 Mitigating Interference in Shared
Parameter Spaces

A large body of work mitigates interference while
keeping the model fully shared. Data-centric
methods adjust the training curriculum, sampling
schedule, or replay distribution to balance task
exposure (Wei et al., 2021; Rolnick et al., 2019;
Lin and Zheng, 2026; Dong et al., 2024), synthe-
size training data from diverse search trajectories
(Liu et al., 2026a), or construct targeted training
instances via controllable generation (Fei et al.,
2022). Regularization-based continual learning
methods, such as Elastic Weight Consolidation,
constrain changes to important parameters to pre-
serve previously learned knowledge (Kirkpatrick

et al., 2017; Li and Hoiem, 2017). Gradient-based
approaches, including GEM and PCGrad, mod-
ify update directions to reduce conflicts among
objectives (López-Paz and Ranzato, 2017; Yu
et al., 2020), while gradient normalization methods
reweight tasks by balancing gradient magnitudes
(Chen et al., 2018). These methods operate in a
shared parameter space and usually search for a
single update direction or a globally regularized
trajectory. However, when different instructions
require genuinely different parameter movements,
a single shared update can be geometrically insuffi-
cient. IPI takes a complementary approach: rather
than forcing all instructions to agree on one up-
date direction, it routes their updates to instruction-
conditioned sparse parameter subspaces.

A.3 Modularization and Parameter-Efficient
Adaptation

Another line of work reduces interference by in-
troducing architectural modularity. Mixture-of-
Experts models route examples to different ex-
pert modules (Fedus et al., 2022; Riquelme et al.,
2021), while adapter-based methods and prefix tun-
ing add lightweight trainable modules on top of
a frozen backbone (Houlsby et al., 2019; Pfeiffer
et al., 2021; Liu et al., 2024; Li and Liang, 2021).
These methods provide a form of separation and
can reduce direct contention in the backbone. More
broadly, conditioning computation on the individ-
ual input has a long tradition in adaptive attention
and interaction architectures for semantic match-
ing and question answering (Liang et al., 2019b,a;
Wang et al., 2022; Song et al., 2022; Xue et al.,
2023; Li et al., 2024; Xue et al., 2024), and in hy-
pernetworks that generate parameters conditioned
on the input domain (Gui et al., 2018); IPI applies
this instance-conditioned principle to the selection
of update coordinates rather than to the forward
computation. However, modular approaches often
introduce additional parameters, routing complex-
ity, or memory overhead. They may also fragment
knowledge across modules, especially when the
number of fine-grained capabilities grows. In con-
trast, IPI does not add inference-time modules or
alter the final model architecture. The router is
used only during training, and the fine-tuned model
remains a dense backbone at inference. Orthogonal
architectural and systems advances, such as stable
long-context positional encodings (Dai et al., 2025)
and compressed reasoning representations (Shan
et al., 2025), improve backbone efficiency but do
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not address update interference; likewise, retrieval-
augmented generation sidesteps parameter updates
by attaching non-parametric memory (Lewis et al.,
2020; Liu et al., 2026c,b), with growing attention
to its reliability and security (Liu et al., 2025a; Li
et al., 2026), and thus complements rather than
replaces interference-aware fine-tuning.

A.4 Parameter-Level Isolation

Parameter-level isolation aims to mitigate interfer-
ence by partitioning or protecting subsets of the
original backbone parameters. Early mask-based
continual learning methods allocate task-specific
parameter subsets through pruning or binary masks
(Mallya and Lazebnik, 2018). Recent work further
studies important parameters in language-model
fine-tuning and freezes or isolates task-critical co-
ordinates based on update statistics, importance
estimates, or adaptation-aware probing (Sorrenti
et al., 2023; Wang et al., 2025; Liu et al., 2026d;
Han et al., 2026). Dynamic isolation methods im-
prove upon static masks by updating parameter
importance over the training trajectory (Lin et al.,
2026). Despite their effectiveness, existing iso-
lation methods usually define masks at the task
or training-stage level. Static isolation assumes
that one fixed mask is suitable for all examples in
a task, while global dynamic isolation updates a
shared mask over time. Both assumptions are too
coarse for heterogeneous instruction tuning: ex-
amples within the same task can require different
computations, and examples from different tasks
can share latent capabilities. IPI addresses this unit
mismatch by predicting a separate update mask for
each instruction.

A.5 Sparse Mask Learning and
Straight-Through Estimation

Sparse fine-tuning and pruning methods select a
subset of parameters to update or preserve, often
using magnitude, gradient, or movement-based im-
portance signals (Sanh et al., 2020), and lottery-
ticket analyses show that pretrained language mod-
els contain sparse subnetworks that retain full per-
formance (Zheng et al., 2022). These approaches
show that sparse parameter changes can be effec-
tive, but they do not directly decide which sparse
support should be assigned to each instruction.
Learning hard sparse masks also introduces a dif-
ferentiability challenge because Top-k selection
is discrete. Straight-through estimators provide a
practical way to pass gradients through hard or dis-

crete decisions (Bengio et al., 2013; Jang et al.,
2016). IPI builds on this idea with an identity-trick
reparameterization tailored to instruction tuning.
The reparameterization preserves the dense for-
ward computation, sends masked gradients to the
base model, and exposes a task-loss saliency signal
to the router. This allows IPI to learn instruction-
conditioned sparse update masks without damaging
the pretrained forward pass or adding inference-
time parameters.

B Detailed Experimental Setup

This appendix provides the full experimental de-
tails for Section 3.

B.1 Datasets

We evaluate IPI on heterogeneous instruction tun-
ing benchmarks covering mathematical reasoning,
logical reasoning, code generation, instruction fol-
lowing, and conversational generation. This bench-
mark composition intentionally introduces capabil-
ity diversity to expose parameter contention and
interference effects. Complementary capability-
oriented suites, such as table-reasoning and user-
experience benchmarks (Wu et al., 2025c,b, 2026;
Hong et al., 2026), illustrate the breadth of skills
that instruction-tuned models are expected to cover;
we adopt five widely used benchmarks to enable
controlled comparison.
Mathematical Reasoning. We use
GSM8K (Cobbe et al., 2021), a widely adopted
benchmark for multi-step arithmetic reasoning.
Performance is evaluated using exact-match
accuracy.
Logical Reasoning. We adopt LogiQA (Liu et al.,
2020), which requires deductive reasoning over
short passages. Performance is measured using
accuracy.
Code Generation. We use CodeAlpaca (Chaud-
hary, 2023) following prior heterogeneous instruc-
tion tuning settings. Generation quality is evaluated
using CodeBLEU (Ren et al., 2020).
Instruction Following and Dialogue. We evaluate
open-ended generation ability using Alpaca (Taori
et al., 2023) and UltraChat (Ding et al., 2023); di-
alogue generation is a knowledge-intensive, open-
ended capability (Wu et al., 2025d). Responses
are evaluated using GPT-4 (OpenAI et al., 2024)
scoring on a 1–10 scale according to correctness,
helpfulness, completeness, coherence, and instruc-
tion adherence.
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Each dataset is evaluated using its standard met-
ric, and all task-specific scores are reported in the
main table. We additionally report Avg. Norm.
Score as a compact cross-capability summary. Be-
cause the benchmarks use heterogeneous native
metrics, Avg. Norm. Score is computed by apply-
ing a fixed benchmark-level normalization in the
evaluation script before macro-averaging across
benchmarks. The same normalization constants are
used for all methods, models, and random seeds;
no method-specific or seed-specific rescaling is ap-
plied.
GPT-4 judge protocol. For Alpaca and UltraChat,
all model responses are anonymized and randomly
shuffled before scoring. The same judge prompt,
decoding setting, and evaluation subset are used
for every method and every seed.

B.2 Baselines
Full SFT. Standard supervised fine-tuning updates
all model parameters throughout the sequential het-
erogeneous training stream without explicit inter-
ference mitigation. This setting represents the dom-
inant instruction tuning paradigm and serves as the
primary reference point.
Random Sparse Fine-Tuning. To isolate the ef-
fect of capability-conditioned routing, we include
a sparse fine-tuning baseline that randomly selects
trainable parameter subsets under the same sparsity
budget as IPI.
Heuristic Sparse Fine-Tuning. We compare
against a non-learned sparse baseline that selects
trainable coordinates using a magnitude-based
criterion under the same sparsity budget. This
baseline controls for whether the gains come
merely from sparse updating rather than instruction-
conditioned routing.
Static Isolation. We implement static isolation
following prior parameter selection methods (Sor-
renti et al., 2023; Wang et al., 2025). Each task or
training stage is assigned a fixed parameter mask es-
timated from task-level importance statistics. This
baseline directly evaluates whether coarse task
identity provides an effective proxy for parameter
usage.
Evolving Parameter Isolation (EPI). We further
compare against dynamic parameter isolation meth-
ods that periodically update parameter importance
masks during optimization (Lin et al., 2026). In our
sequential heterogeneous SFT setting, EPI main-
tains one global evolving mask over the training tra-
jectory. Therefore, EPI captures temporal changes

in global parameter importance, whereas IPI pre-
dicts a distinct update mask for each instruction
within the same batch.

B.3 Implementation Details

We evaluate all methods using strong open-weight
language models spanning multiple architectural
families: LLaMA-3.1-8B (Grattafiori et al., 2024),
Mistral-7B (Jiang et al., 2023), Qwen3-8B (Yang
et al., 2025), and Gemma-3-12B (Team et al.,
2025).

All models are fine-tuned using
AdamW (Loshchilov and Hutter, 2017) with
learning rate 1 × 10−5, batch size 64, and cosine
learning-rate decay with 3% warmup. Unless
otherwise stated, supervised fine-tuning is con-
ducted for three epochs. All methods use the same
task order, data budget, optimization budget, and
evaluation subsets.

For IPI, the routing rank is set to r = 8 by de-
fault. Instruction representations are extracted us-
ing last-layer hidden states as described in Sec-
tion 2.2. Sparse routing uses Top-k parameter se-
lection with a default per-instruction update spar-
sity of 1%. The load-balancing coefficient is set
to λlb = 0.01 and linearly annealed to zero. All
experiments are conducted on eight NVIDIA A100
GPUs with 80GB memory. Each experiment is re-
peated using three independent random seeds, and
we report average performance throughout.

B.4 Statistical Robustness

Table 8 reports representative mean ± standard
deviation results over three random seeds. The
mean values are aligned with the main results in
Table 1. The small standard deviations indicate that
the observed improvements are stable rather than
artifacts of a favorable seed.

C Method Details

This appendix provides supplementary details for
the IPI method described in Section 2. We first
analyze the complexity of the structured low-rank
router and factorized Top-k selection. We then
derive the gradients induced by the identity-trick
reparameterization and describe how per-instance
masked gradients are accumulated in mini-batch
training. Finally, we provide the complete training
algorithm.
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Base Model Method GSM8K CodeAlpaca LogiQA Alpaca UltraChat Avg. Norm.

LLaMA-3.1-8B
Full SFT 57.6± 0.4 29.1± 0.5 61.4± 0.5 8.12± 0.07 8.28± 0.08 7.60± 0.05

EPI 63.2± 0.3 32.1± 0.4 66.1± 0.5 8.58± 0.06 8.86± 0.07 8.32± 0.04

IPI (Ours) 64.7± 0.3 33.0± 0.3 67.6± 0.4 8.81± 0.05 9.08± 0.06 8.56± 0.03

Qwen3-8B
Full SFT 59.2± 0.4 30.0± 0.5 62.9± 0.5 8.32± 0.07 8.47± 0.08 7.83± 0.05

EPI 64.7± 0.3 33.0± 0.4 67.8± 0.4 8.88± 0.06 9.18± 0.07 8.55± 0.04

IPI (Ours) 66.1± 0.3 34.2± 0.3 69.4± 0.4 9.07± 0.05 9.38± 0.06 8.78± 0.03

Table 8: Representative statistical robustness results over three random seeds.

C.1 Gradient Derivation of the Identity Trick

We show that the identity-trick reparameterization
preserves the dense forward computation while in-
ducing sparse base-model gradients and a router-
learning signal.

Recall the STE mask:

m̃i,j = sg(mi,j − αi,j) + αi,j , (11)

where sg(·) denotes stop-gradient. The effective
weight for instruction i and coordinate j is

θ̂i,j = sg(θj) + sg(mi,j)
(
θj − sg(θj)

)

+ sg(θj)
(
m̃i,j − sg(m̃i,j)

)
.

(12)

Dense forward identity. Forward-wise, the sec-
ond term is zero because θj−sg(θj) has value zero.
The third term is also zero because m̃i,j − sg(m̃i,j)
has value zero. Therefore,

θ̂i,j = θj (13)

in the forward pass. IPI therefore preserves the
same dense forward computation as ordinary SFT.

Sparse base-model gradient. For the base
model, only the second term in Eq. (12) exposes θj
to autograd. Hence

∂θ̂i,j
∂θj

= mi,j . (14)

Let

gi,j =
∂Li(θ)
∂θj

. (15)

Then the gradient received by the base model from
instruction i is

∂Li
∂θj

= mi,jgi,j . (16)

Thus the base model is updated only on coordinates
selected by the instruction-level mask.

Router saliency signal. For the router, only the
third term in Eq. (12) exposes m̃i,j . Therefore,

∂θ̂i,j
∂m̃i,j

= θj , (17)

and
∂Li
∂m̃i,j

= gi,jθj . (18)

Since the STE in Eq. (11) passes gradients from
m̃i,j to αi,j , the router receives

∂Li
∂αi,j

≈ gi,jθj . (19)

Under gradient descent, this promotes coordinates
with large descent saliency

si,j = −gi,jθj . (20)

This is a movement-style first-order importance
signal computed separately for each instruction
rather than accumulated globally.

Summary. The identity trick defines three behav-
iors simultaneously:

θ̂i,j = θj ,
∂Li
∂θj

= mi,jgi,j ,
∂Li
∂αi,j

≈ gi,jθj .

(21)
This mechanism keeps the pretrained forward
computation dense, applies sparse base-model up-
dates, and trains the router directly from task-loss
saliency.

C.2 Per-Instance Masked Gradient
Accumulation

In ordinary batched linear layers, weight gradients
are reduced over the batch before the optimizer up-
date. IPI requires per-instance masks, because each
instruction may select a different update support.
Since the training loss is the batch mean,

LCE =
1

B

∑

i∈B
Li, (22)

6587



the masked base-model gradient is

∇θLbase =
1

B

∑

i∈B
mi ⊙ gi. (23)

If the implementation uses a summed loss rather
than a mean loss, the factor 1/B is absorbed into
the learning rate.

This can be implemented with a custom auto-
grad function for routed linear layers. The for-
ward pass remains the standard dense linear trans-
formation. In the backward pass, each example’s
weight-gradient contribution is first masked by its
instruction-specific update mask, and the masked
contributions are then averaged across the mini-
batch. This is mathematically equivalent to apply-
ing the identity-trick reparameterization indepen-
dently to each instruction and then accumulating
the resulting sparse gradients. For debugging or
small-scale experiments, per-sample gradient util-
ities such as functorch can be used to verify the
same behavior, although a custom autograd imple-
mentation is more efficient for large models.

C.3 Support-Overlap View of Interference
IPI reduces interference by controlling where dif-
ferent instructions are allowed to update. For two
instructions i and j, let

Si = {t : mi,t = 1}, Sj = {t : mj,t = 1}
(24)

denote their selected supports. Their effective up-
date interaction is

I(i, j) = ⟨mi ⊙ gi, mj ⊙ gj⟩ =
∑

t∈Si∩Sj

gi,tgj,t.

(25)
Thus destructive cross-terms can occur only on co-
ordinates selected by both instructions. By Cauchy–
Schwarz,

|I(i, j)| ≤
∥∥∥gSi∩Sj

i

∥∥∥
2

∥∥∥gSi∩Sj

j

∥∥∥
2
. (26)

A looser but more explicit support-overlap bound
is

|I(i, j)| ≤ |Si ∩ Sj | ∥gi∥∞∥gj∥∞. (27)

This bound does not imply that overlap alone de-
termines interference, since gradient energy may
be concentrated on a small number of coordinates.
Rather, it shows that reducing unnecessary overlap
removes coordinates on which destructive interac-
tions can occur. IPI uses identity-trick saliency to
select coordinates useful for the current instruction
and load balancing to discourage all instructions
from collapsing to the same support.

C.4 Training Algorithm
Algorithm 1 summarizes the full IPI procedure.
The notation AdamWDelta(·) denotes the addi-
tive AdamW parameter delta, including the decou-
pled weight-decay term. IPI applies the final update
gate only to the base-model delta; router parame-
ters are updated normally and are discarded after
fine-tuning.

Algorithm 1 Instruction-Level Parameter Isolation
(IPI)
Input: Pre-trained model θ, router Φ, dataset D, layer-wise

sparsity budgets {kℓ}Lℓ=1, load-balancing weight λlb

Output: Fine-tuned dense model θ; router Φ is discarded
after training

1: Initialize router Φ with near-uniform row and column
factors

2: for each training step do
3: Sample mini-batch B = {(xi,yi)}Bi=1

4: Build stop-gradient capability vectors {ci}i∈B using
Eq. (2)

5: for each routed layer ℓ do
6: Compute row/column factors {u(ℓ)

i ,v
(ℓ)
i }i∈B us-

ing Eq. (4)
7: Select instruction masks m

(ℓ)
i ←

FactorizedTopK(u
(ℓ)
i ,v

(ℓ)
i , kℓ)

8: Build STE masks m̃(ℓ)
i ← sg(m

(ℓ)
i −α

(ℓ)
i )+α

(ℓ)
i

9: end for
10: Run dense forward computation with identity-trick

routed layers
11: LCE ← B−1 ∑

i∈B Li

12: Ltotal ← LCE + λlbLlb

13: Backpropagate through the identity trick
14: Accumulate base gradient Gθ ← B−1 ∑

i∈B mi ⊙
gi

15: Compute router gradient GΦ ← ∇ΦLtotal

16: Compute AdamW delta ∆θt ←
AdamWDelta(θt,Gθ)

17: Build batch update gate m̄B,j ← I(
∑

i∈B mi,j > 0)
18: Update base model θt+1 ← θt + m̄B ⊙∆θt

19: Update router Φt+1 ← AdamWUpdate(Φt,GΦ)
20: Anneal λlb

21: end for

The algorithm preserves the dense forward pass
while enforcing instruction-conditioned sparse up-
dates. The final-update gate is important under
AdamW because decoupled weight decay can oth-
erwise modify coordinates with zero masked gra-
dient. In implementation, the gate is applied to
the base-model parameter delta, while router pa-
rameters are optimized normally from the task-loss
saliency and load-balancing gradients.

C.5 Complexity Analysis
Router parameter count. Under the shared-
bottleneck parameterization in Eq. (3)–(4), the
router for layer ℓ contains

|Φ(ℓ)| = rh+ r(pℓ + qℓ) (28)
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parameters, where h is the dimension of the ca-
pability vector, r is the routing rank, and (pℓ, qℓ)
are the output and input dimensions of the routed
weight matrix. If separate row and column bottle-
necks are used, the count becomes 2rh+r(pℓ+qℓ).
We use the shared-bottleneck form by default. For
LLaMA-style 7B/8B backbones with routed atten-
tion and MLP projections and r = 8, this gives
roughly 3× 107 router parameters, around 0.4% of
a 7B model. The router is therefore small relative
to the base model and is discarded after fine-tuning.

Per-instance memory. For each instance and
routed layer, the router outputs only u

(ℓ)
i ∈ Rpℓ

and v
(ℓ)
i ∈ Rqℓ . The full per-weight tensor α(ℓ)

i ∈
Rpℓ×qℓ is not stored. Thus the per-instance rout-
ing state scales as O(

∑
ℓ(pℓ + qℓ)) rather than

O(
∑

ℓ pℓqℓ).

Computational overhead. Computing the bottle-
neck and factor projections costs O(rh+r(pℓ+qℓ))
per instance and layer, which is small compared
with the base linear transformation cost O(pℓqℓ).
The main additional cost comes from factorized
Top-k selection over outer-product scores and from
passing router gradients through the factorized
scores. Since the router is used only during training,
IPI introduces no inference-time routing cost.

Factorized Top-k selection. For each routed
matrix W(ℓ) ∈ Rpℓ×qℓ , the router defines non-
negative scores through the outer product

α
(ℓ)
i,(a,b) = u

(ℓ)
i,av

(ℓ)
i,b . (29)

The dense score matrix is never materialized. In-
stead, we sort the row and column factors and enu-
merate large products with a heap-based search
over index pairs. This returns the largest kℓ coor-
dinate pairs while avoiding the O(pℓqℓ) memory
cost of dense score construction. After sorting, the
selection cost is approximately

O((pℓ + qℓ) log(pℓ + qℓ) + kℓ log kℓ) . (30)

For very large layers, candidate-pruned variants
can also be used, but all experiments avoid materi-
alizing the full pℓqℓ score matrix.

Factor-level load balancing. For each routed
layer, the predicted factors are first normalized to
unit mass,

ũ
(ℓ)
i =

u
(ℓ)
i

1⊤u(ℓ)
i

, ṽ
(ℓ)
i =

v
(ℓ)
i

1⊤v(ℓ)
i

, (31)

and then averaged over the mini-batch,

ū(ℓ) =
1

B

∑

i

ũ
(ℓ)
i , v̄(ℓ) =

1

B

∑

i

ṽ
(ℓ)
i . (32)

The resulting regularizer

Llb = −
∑

ℓ

[
H(ū(ℓ)) + H(v̄(ℓ))

]
(33)

depends only on batch-averaged row and column
factors. It is computed in O(B

∑
ℓ(pℓ + qℓ)) time

and does not require coordinate-level entropy over
the full outer product.

D Formal Analysis of Instruction-Level
Parameter Isolation

We provide a formal perspective on IPI, focusing
on three questions: (i) how sparse masks affect gra-
dient interference, (ii) why instruction-level masks
are more expressive than task-level masks, and (iii)
why the identity-trick reparameterization provides
a well-defined router learning signal. The goal of
this analysis is not to prove universal dominance
over task-level isolation, but to clarify the optimiza-
tion structure induced by instruction-conditioned
sparse updates.

D.1 Notation and Setup
Let θ ∈ Rd denote the model parameters. For each
example (xi,yi), define the per-example loss

ℓi(θ) = − log p(yi | xi;θ), (34)

and its gradient

gi = ∇θℓi(θ) ∈ Rd. (35)

IPI predicts an instance-conditioned binary update
mask mi ∈ {0, 1}d with ∥mi∥0 = k. The cor-
responding soft importance scores are denoted by
αi ∈ (0, 1)d, whose factorized form for layer ℓ is

α
(ℓ)
i,(a,b) = u

(ℓ)
i,av

(ℓ)
i,b . (36)

Ignoring optimizer-specific preconditioning for
clarity, the masked SGD-style batch update induced
by IPI is

∆θ = −η 1

B

∑

i∈B
mi ⊙ gi. (37)

In the actual implementation, this masked gradi-
ent is used inside AdamW, and the final AdamW
parameter delta is further gated to prevent unse-
lected coordinates from being changed by decou-
pled weight decay.
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D.2 Gradient Interference and Mask Overlap
For two examples i and j, define their masked
update interaction as

I(i, j) = ⟨mi ⊙ gi, mj ⊙ gj⟩ . (38)

Let

Si = {t : mi,t = 1}, Sj = {t : mj,t = 1}
(39)

be the selected supports. Then

I(i, j) =
∑

t∈Si∩Sj

gi,tgj,t. (40)

This expression shows that masked interference
can occur only on coordinates selected by both
instructions.

Without assuming independence between masks
and gradients, the following deterministic bound
holds:

|I(i, j)| ≤
∥∥∥gSi∩Sj

i

∥∥∥
2

∥∥∥gSi∩Sj

j

∥∥∥
2

≤ |Si ∩ Sj | ∥gi∥∞∥gj∥∞.
(41)

This bound is deliberately conservative. It does not
claim that interference is determined only by sup-
port overlap, since gradient energy may be concen-
trated on a small number of coordinates. Instead, it
shows a structural property: reducing unnecessary
overlap removes coordinates on which destructive
cross-terms can occur. This is the formal basis
for using instruction-conditioned masks to control
update interactions.

D.3 Task-Level versus Instruction-Level
Isolation

Task-level isolation assigns a single mask mT to all
examples from task T . For two examples i, j ∈ T ,
the effective interaction is

Itask(i, j) = ⟨mT ⊙ gi, mT ⊙ gj⟩ . (42)

Because all examples in the same task share the
same support, task-level isolation cannot adapt the
overlap pattern for different instruction pairs within
that task. This is restrictive when a task contains
both compatible and conflicting examples.

IPI introduces an instance-pair-specific degree of
freedom by predicting mi and mj separately from
their instruction representations. If two instruc-
tions are routed to disjoint supports, their masked
interaction is exactly zero:

Si ∩ Sj = ∅ ⇒ I(i, j) = 0. (43)

If two instructions require compatible computa-
tions, the router can still assign overlapping sup-
ports. Thus instruction-level isolation strictly gen-
eralizes task-level isolation in representational flex-
ibility: task-level masking is the special case where
all instructions in the same task receive the same
mask.

This does not imply that IPI always produces
lower interference for every pair, because the
learned masks depend on the router, the data dis-
tribution, and the gradient energy on selected co-
ordinates. Rather, it shows why instruction-level
routing can represent both within-task separation
and cross-task sharing, while task-level masks can-
not.

D.4 Sparse Routing as a Constrained
Optimization View

For the masked batch update

u =
1

B

B∑

i=1

mi ⊙ gi, (44)

the squared update norm expands as

∥u∥22 =
1

B2


∑

i

∥mi ⊙ gi∥22 +
∑

i̸=j

I(i, j)


 .

(45)
An ideal router should preserve useful per-
instruction descent while avoiding unnecessary de-
structive cross-terms. Directly optimizing this ob-
jective under the hard constraint ∥mi∥0 = k is
combinatorial. IPI approximates this objective us-
ing two tractable signals.

First, the identity trick provides a movement-
style task-loss signal:

∂Li
∂αi,j

≈ gi,jθj . (46)

Under gradient descent, this increases routing
scores on coordinates with large descent saliency

si,j = −gi,jθj . (47)

Second, the load-balancing loss discourages all in-
structions in a batch from collapsing to the same
row and column factors. Together, these two
signals form a practical relaxation of instruction-
conditioned sparse update routing: the router is
encouraged to select useful coordinates for each in-
struction while avoiding excessive shared support.
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D.5 Well-Definedness of the Router Signal

A central concern is that the forward pass remains
dense, so the cross-entropy loss may appear inde-
pendent of the hard mask and hence independent
of αi. The identity-trick reparameterization re-
solves this by keeping the forward value identical
to θ while defining separate backward paths for the
base model and the router.

Proposition 1 (Gradients induced by the identity
trick). Let

m̃i,j = sg(mi,j − αi,j) + αi,j , (48)

and define

θ̂i,j = sg(θj) + sg(mi,j)
(
θj − sg(θj)

)

+ sg(θj)
(
m̃i,j − sg(m̃i,j)

)
.

(49)

For Li = Li(θ̂i) and gi,j = ∂Li(θ)/∂θj , any au-
tograd system respecting stop-gradient gives:

θ̂i,j = θj in the forward pass, (50)
∂Li
∂θj

= mi,jgi,j , (51)

∂Li
∂αi,j

≈ gi,jθj . (52)

Sketch. The first claim follows because both resid-
ual terms have zero forward value. For the base
model, only the second term exposes θj to autograd,
giving derivative mi,j . For the router, only the third
term exposes m̃i,j , giving ∂Li/∂m̃i,j = gi,jθj ; the
STE bridge then passes this gradient to αi,j . □

Saliency interpretation. The router gradient is
gi,jθj , but gradient descent updates the router in the
negative gradient direction. Therefore, the relevant
descent saliency is

si,j = −gi,jθj . (53)

A large positive si,j means that increasing the rout-
ing score for coordinate j is locally aligned with
reducing the current instruction loss. This is a
movement-pruning-style signal delivered per in-
struction rather than accumulated globally.

D.6 Optimization Remarks

The analysis above should be interpreted as a struc-
tural explanation rather than a convergence theo-
rem. Jointly optimizing the backbone and the router
is a non-convex and non-smooth problem due to

deep-network parameterization, hard Top-k selec-
tion, and the use of STE. Moreover, the routing
decision depends on instruction representations ex-
tracted from the evolving model, even though these
representations are detached from higher-order gra-
dients.

Nevertheless, for a fixed router and fixed capabil-
ity extractor, the base-model update at coordinate j
accumulates gradients only from examples routed
to that coordinate:

∆θj = −η
1

B

∑

i∈B:mi,j=1

gi,j . (54)

Thus IPI can be viewed as optimizing a sparse,
data-dependent update field over the original dense
parameter space. The identity trick ensures that
this sparse update field is learned without chang-
ing the dense forward computation, while the final
AdamW gate ensures that unselected coordinates
are not modified by decoupled weight decay.

E Additional Analyses

This appendix provides additional analyses of IPI
beyond the main results. We study optimiza-
tion dynamics, mask-induced gradient interactions,
capability-level mask structure, the mixed-batch
training regime, robustness under distribution shift,
sparsity-performance trade-offs, and representative
case patterns.

E.1 Training Dynamics
Section 4.4 reports throughput, peak memory, and
batch-size scalability. Here we additionally exam-
ine validation loss trajectories and gradient-conflict
diagnostics. Unless otherwise specified, measure-
ments are conducted on LLaMA-3.1-8B using the
same sequential heterogeneous SFT setting as the
main experiments.

E.1.1 Validation Loss Dynamics
We track validation loss across training epochs to
examine whether instruction-level routing destabi-
lizes optimization. Table 9 reports loss trajectories
on Qwen3-8B.

IPI achieves the lowest validation loss at all mea-
sured checkpoints while maintaining a comparable
convergence rate. This suggests that instruction-
level routing does not introduce optimization in-
stability. The identity-trick reparameterization pre-
serves dense forward computation, while sparse
instruction-conditioned updates reduce unneces-
sary update sharing. The load-balancing coefficient
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Method Epoch 1 Epoch 2 Epoch 3 ∆

Full SFT 2.41 2.18 2.12 0.29
Static Isolation 2.35 2.09 2.01 0.34
EPI 2.22 1.98 1.91 0.31
IPI (Ours) 2.15 1.89 1.83 0.32

Table 9: Validation loss across training epochs on
Qwen3-8B. ∆ denotes the reduction from epoch 1 to
epoch 3.

Method Mean Pairwise Cos. Conflict Rate

Full SFT −0.03 31.2%
Static Isolation −0.01 24.7%
EPI +0.05 19.3%
IPI (Ours) +0.12 11.6%

Table 10: Additional gradient conflict diagnostics on
LLaMA-3.1-8B. Conflict rate is the fraction of instruc-
tion pairs whose masked updates have cosine similarity
below −0.15; the same definition is used in Table 18.

is annealed to zero during training, encouraging
early routing diversity without imposing a persis-
tent entropy constraint.

E.1.2 Additional Gradient Conflict
Diagnostics

The main paper reports aligned and conflicting
update-pair analysis. Here we provide an addi-
tional diagnostic based on pairwise cosine similar-
ity over random mini-batches. For each instance
pair, we compare the cosine similarity of the effec-
tive masked updates. Conflict rate denotes the frac-
tion of pairs with cosine similarity below −0.15.

Table 10 shows that IPI reduces the fraction of
strongly conflicting instance pairs. This is consis-
tent with the support-overlap view in Appendix C.3:
destructive cross-terms can occur only on coordi-
nates selected by both instructions. IPI does not
eliminate overlap entirely; rather, it learns to pre-
serve overlap for compatible examples while reduc-
ing unnecessary overlap among conflicting ones.

E.2 Capability Structure of Learned Masks

A central motivation of IPI is that parameter usage
is better explained by instruction-level capability
requirements than by coarse task labels. We there-
fore analyze whether the learned masks recover
capability-level structure.

Method Task NMI Capability NMI

Random Mask 0.02 0.03
Static Isolation 0.61 0.42
EPI 0.55 0.48
IPI (Ours) 0.58 0.72

Table 11: Mask clustering under task and capability
labelings.

GSM8K LogiQA Code Alpaca UChat

GSM8K 0.21 0.28 0.24 0.12 0.11
LogiQA 0.28 0.25 0.39 0.14 0.13
Code 0.24 0.39 0.22 0.10 0.09
Alpaca 0.12 0.14 0.10 0.18 0.30
UChat 0.11 0.13 0.09 0.30 0.20

Table 12: Mean Jaccard similarity of IPI masks across
task categories.

E.2.1 Mask Clustering Analysis
For held-out instructions, we collect the binary
masks produced by the trained router and compute
compact mask embeddings using layer-wise Jac-
card sketches. We then apply k-means clustering
and measure alignment with two label sets: surface
task identity and broader capability groups. The
capability groups merge tasks that share core com-
putational demands, such as mathematical/logical
reasoning, code generation, and dialogue. Clus-
tering quality is measured by Normalized Mutual
Information (NMI).

IPI achieves the highest capability NMI, while
Static Isolation achieves the highest task NMI. This
pattern supports the intended behavior of IPI: the
router does not merely reproduce dataset bound-
aries, but organizes masks around finer-grained
computational structure. EPI lies between the two
because it updates a global mask over time but does
not condition masks on individual instructions.

E.2.2 Task-Pair Mask Similarity
We further compute mean Jaccard similarity be-
tween top-k masks for instruction pairs sampled
from different task categories. Results are reported
in Table 12.

The diagonal values are modest, indicating sub-
stantial intra-task heterogeneity. Meanwhile, some
cross-task pairs, such as LogiQA–CodeAlpaca,
show relatively high overlap. This supports the
claim that task identity is an imperfect proxy for
parameter usage: some examples within a task re-
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Setting Method LLaMA-
3.1-8B

Qwen3-
8B

Sequential
Full SFT 7.60 7.83
EPI 8.32 8.55
IPI (Ours) 8.56 8.78

Mixed-Batch
Full SFT 7.85 8.06
EPI 8.18 8.41
IPI (Ours) 8.54 8.75

Table 13: Avg. Norm. Score under sequential multi-
stage and mixed-batch SFT. IPI routes at the instruction
level and is therefore largely insensitive to whether do-
mains are separated into stages.

Method Seen Unseen Drop

Full SFT 7.83 6.92 −0.91
Static Isolation 8.20 7.17 −1.03
EPI 8.55 7.65 −0.90
IPI (Ours) 8.78 8.00 −0.78

Table 14: Generalization to held-out instruction distri-
butions.

quire different update supports, while examples
from different tasks may share latent symbolic ca-
pabilities.

E.3 Mixed-Batch SFT

Table 13 reports the full mixed-batch results sum-
marized in Section 4.4. All capability domains
are uniformly mixed within mini-batches, under
the same data budget, optimizer, and evaluation
protocol as the sequential setting.

Mixing removes the ordering that drives stage-
induced forgetting, so Full SFT improves. EPI,
whose single global evolving mask relies on that
stage structure, loses most of its advantage and
cannot specialize within a heterogeneous batch. IPI
is essentially unchanged and still leads on both
backbones, showing that instruction-conditioned
routing applies beyond sequential training.

E.4 Out-of-Distribution Generalization

We evaluate whether instruction-conditioned rout-
ing improves robustness to distribution shifts in
the fine-tuning mixture. We construct a held-
out instruction setting by excluding one dialogue-
oriented distribution and a subset of instruction tem-
plates during training. At test time, we evaluate on
both seen-style examples and held-out/paraphrased
examples. Table 14 reports Avg. Norm. Score.

IPI shows the smallest drop under held-out

Method Per-Instruction Budget Avg. Norm.

Full SFT 100% 7.83
Static Isolation 1.0% 8.20
EPI 1.0% 8.55
IPI (0.5%) 0.5% 8.61
IPI (1.0%) 1.0% 8.78
IPI (2.0%) 2.0% 8.79

Table 15: Sparsity–performance trade-off on Qwen3-
8B.

instruction distributions. This suggests that
instruction-conditioned routing is less tied to fixed
task boundaries than Static Isolation. The result
should be interpreted as an empirical robustness
diagnostic rather than evidence of universal OOD
generalization, since the difficulty of the held-out
split depends on the specific excluded templates
and distributions.

E.5 Sparsity–Performance Trade-off

Section 4.4 reports matched-budget comparisons
on LLaMA-3.1-8B. Here we replicate the trade-off
on Qwen3-8B and additionally include the dense
Full SFT reference point.

IPI achieves strong performance under very
sparse update budgets. Increasing the budget from
0.5% to 1.0% improves performance, while further
increasing it to 2.0% yields only marginal gains.
This saturation suggests that routing quality, rather
than simply the number of updated parameters, is
the main driver of performance.

E.6 Case Study

We provide representative case patterns to illus-
trate how instruction-level routing differs from task-
level masking. The goal is not to claim that every
example follows the same pattern, but to show con-
crete cases where task identity misrepresents pa-
rameter usage.

E.6.1 Intra-Task Variation and Cross-Task
Sharing

We select two contrasting instruction pairs. Pair A
contains two GSM8K examples with different rea-
soning demands: one direct arithmetic example and
one multi-step rate/time reasoning example. Pair B
contains one LogiQA example and one CodeAl-
paca example that both require symbolic structure
tracking. We report Jaccard similarity of top-k
masks averaged over routed linear layers.
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Pair Instruction Summary Task IPI Static

A1 Direct arithmetic reasoning sample GSM8K
0.17 1.00

A2 Multi-step rate/time reasoning sample GSM8K

B1 Deductive consistency reasoning sample LogiQA
0.39 0.00

B2 Algorithmic invariant/code-generation sample CodeAlpaca

Table 16: Representative mask-overlap cases. IPI can separate heterogeneous examples within a task and preserve
sharing across compatible tasks.

Method Mean Cos. Median Cos. % Cos. < −0.3
Full SFT −0.02 −0.01 18.7%
Static Isolation 0.11 0.13 9.1%
IPI (Ours) 0.21 0.24 4.3%

Table 17: Gradient conflict statistics over sampled in-
struction pairs.

Pair A shows low IPI overlap despite identi-
cal task labels, suggesting intra-task heterogene-
ity. Pair B shows higher IPI overlap despite dif-
ferent task labels, suggesting cross-task sharing of
symbolic computation. Static task-level masking
cannot express either pattern because its overlap is
determined by task identity.

E.6.2 Case-Level Gradient Conflict
We also compare gradient conflict statistics over
sampled instance pairs. For each pair, we com-
pute cosine similarity after applying the method-
specific effective update mask. Table 17 shows
that IPI shifts the conflict distribution toward more
aligned effective updates and reduces the fraction
of strongly negative pairs. Together with the mask-
overlap cases above, this supports the claim that
instruction-conditioned routing captures a finer
parameter-usage structure than rigid task bound-
aries.

F Additional Ablations

This appendix provides additional ablations and di-
agnostics for the IPI design. Unless otherwise spec-
ified, all experiments use LLaMA-3.1-8B and the
same sequential heterogeneous training stream as
the main experiments. The goal is to further verify
whether IPI’s gains come from learned instruction-
level routing, rather than from sparsity, mask diver-
sity, or router capacity alone.

F.1 Mask-Collapse Diagnostics

The main ablation shows that removing load balanc-
ing degrades downstream performance. We further

Method Avg. Norm. Mask Jac. ↓ Coverage ↑ Entropy ↑ Conflict ↓

IPI (full) 8.56 0.19 18.4% 0.91 11.6%
w/o Load Balancing 8.31 0.46 7.1% 0.58 18.7%
Per-Instance Entropy 8.22 0.39 8.6% 0.62 17.4%
MI-Style Balance 8.52 0.22 17.2% 0.88 12.5%
Random Instance Mask 7.69 0.01 38.2% 0.99 28.5%

Table 18: Mask-collapse diagnostics. “Mask Jac.” de-
notes average pairwise Jaccard similarity between in-
struction masks, and “Coverage” denotes the fraction
of parameters selected by at least one instruction in a
batch. Removing load balancing sharply increases mask
overlap and reduces support coverage, indicating col-
lapse toward a small shared subnetwork. Random masks
achieve low overlap and high coverage but still perform
poorly, showing that diversity alone is insufficient with-
out learned saliency.

diagnose whether this degradation is associated
with mask collapse. We report four mask-level
statistics: (i) average pairwise Jaccard similarity
between instruction masks, (ii) union coverage, de-
fined as the fraction of parameters selected by at
least one instruction in a batch, (iii) normalized
factor entropy of the batch-averaged row and col-
umn factors, and (iv) the effective gradient-conflict
rate after masking, using the same definition as Ap-
pendix E.1.2, i.e. the fraction of instruction pairs
whose masked updates have cosine similarity be-
low −0.15. As shown in Table 18, removing load
balancing increases average mask Jaccard simi-
larity from 0.19 to 0.46, reduces union coverage
from 18.4% to 7.1%, and raises the conflict rate
from 11.6% to 18.7%. This confirms that the per-
formance drop is accompanied by mask collapse.
Per-instance entropy also underperforms because it
encourages each individual mask distribution to be-
come diffuse, which weakens specialization. The
MI-style balance variant achieves comparable per-
formance but introduces additional estimation cost.
Random instance masks yield very low overlap and
high coverage, yet suffer from high conflict and low
downstream performance, confirming that learned
instruction-conditioned saliency is essential.
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Variant Conditioning Unit Mask Source Avg. Norm.

Random Instance Mask Instruction Random 7.69
Task-Conditioned Router Task Learned 8.35
Task-Averaged IPI Mask Task Averaged IPI 8.27
IPI (full) Instruction Learned 8.56

Table 19: Routing-granularity ablation: learned
instruction-level routing outperforms random
instruction-level and task-level compressed IPI masks.

Masking Variant Top-k Support Binary Gate Avg. Norm.

Dense Soft Masking No No 8.12
Sparse Soft Top-k Yes No 8.32
Hard Top-k IPI Yes Yes 8.56

Table 20: Hard-vs-soft masking ablation. Sparse sup-
port improves over dense soft weighting, but hard binary
update gates produce the strongest isolation effect.

F.2 Granularity of Routing
We further test whether IPI’s advantage comes from
instruction-level routing rather than from learning
a better static support. Table 19 reports the com-
parison. Task-conditioned routing improves over
random instance masks but remains below full IPI.
Compressing learned IPI masks into a single mask
per task also loses a substantial fraction of the gain.
This supports the claim that instruction-level rout-
ing is necessary to capture intra-task heterogeneity
and cross-task sharing.

F.3 Hard and Soft Masking
To distinguish the effect of sparsity from the effect
of binary isolation, we compare dense soft masks,
sparse soft masks, and hard binary masks. Table 20
reports the results. Dense soft masking updates all
parameters on every example and therefore weak-
ens the isolation mechanism. Sparse soft Top-k
improves over dense soft masking by restricting
the support, but binary IPI performs best, suggest-
ing that hard update gates are more effective for
preventing conflicting instructions from sharing
sensitive coordinates.
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