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Abstract

Generative language models (GLMs) excel at
text generation and instruction following, while
discriminative language models (DLMs) pro-
vide strong semantic representations for under-
standing tasks. From a modeling perspective
inspired by the manifold hypothesis, natural
language semantics can be regarded as lying on
a shared latent semantic manifold, while DLMs
and GLMs learn different representations of the
underlying semantic structure in their respec-
tive latent spaces. However, due to differences
in training objectives and modeling strategies,
these representation spaces are not naturally
aligned, preventing discriminative representa-
tions from being directly utilized by GLMs
through simple concatenation or linear trans-
formation. To address this issue, a semantic
alignment framework through discriminative
conditioning for generation (DisCon4Gen) is
proposed. Guided by this manifold-inspired
modeling perspective, DisCon4Gen transforms
DLM semantics into continuous conditions for
GLMs. It further incorporates both global se-
mantic signals and fine-grained discriminative
cues to guide generation, enabling GLMs to
better exploit external discriminative seman-
tics. Experiments on five downstream datasets
show that DisCon4Gen improves over strong
supervised fine-tuning baselines and achieves
competitive performance across both semantic
understanding and generative reasoning tasks.

1 Introduction

Pre-trained language models (PLMs) mainly follow
two paradigms: discriminative language models
(DLMs) for semantic understanding and genera-
tive language models (GLMs) for text generation
and reasoning (Devlin et al., 2019; Liu et al., 2019;
Brown et al., 2020; Ouyang et al., 2022). These
two paradigms provide complementary strengths:
DLMs learn bidirectional semantic representations
for understanding-oriented tasks, while GLMs pro-

ic structure

v RS
E w 7
z 4 ¥ s PP
Bim ’;"N-;" GLM ot ol

(a) Representation mismatch
Hp Hg

/ ?éﬁ“:%fvx%

¥ y .
e N Fi [} A” A
i WA ad zé ) é‘i
.4 y 9 o, ¥
“ ,!'ew'f A“ﬁvﬁ Aﬁ“‘
DLM GLM
(b) Alignment via ®

Figure 1: A manifold-inspired view of DLM-GLM
alignment. (a) DLMs and GLMs encode related
semantic structure in different representation spaces.
(b) @ transforms DLM representations into a GLM-
compatible space.

duce fluent and task-adaptive outputs through au-
toregressive generation.

Recent studies suggest that representations
learned by different foundation models may share
partially aligned semantic structures, despite differ-
ences in architecture, modality, and training objec-
tive (Huh et al., 2024; Hosseini et al., 2024). This
view is consistent with the manifold hypothesis,
which provides a modeling perspective in which
natural language semantics can be viewed as ly-
ing on a low-dimensional latent semantic manifold
structure M (Psenka et al., 2024). Given an input
text x, DLMs and GLMSs can therefore be viewed
as encoding the same semantic content into model-
specific representations of the underlying semantic
structure, denoted as Hp and H¢, respectively.
These representations need not share identical co-
ordinates or local geometry. Similar observations
have also been made in cross-modal representa-
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tion alignment, where different models may share
semantic concepts but organize them in different
vector spaces (Li et al., 2024b).

Under this manifold-inspired modeling perspec-
tive, the integration of discriminative and genera-
tive paradigms can be viewed as learning a transfor-
mation $ that maps discriminative representations
from Hp into a GLM-compatible representation
space Hg. As illustrated in Figure 1, DLM and
GLM representations may initially exhibit geomet-
ric and distributional mismatches (Figure 1a), while
an appropriate transformation can reduce such mis-
match and enable effective semantic integration
(Figure 1b).

However, existing methods often rely on simple
concatenation, soft prompting, or direct feature pro-
jection. Prefix tuning and prompt tuning introduce
continuous prompts for generation, while LoRA
provides lightweight adaptation of GLMs (Li and
Liang, 2021; Lester et al., 2021; Hu et al., 2022).
These approaches implicitly assume that external
representations can be directly injected into GLMs,
but overlook that differences in objectives, tok-
enization, and architecture can lead to substantial
misalignment between DLM and GLM representa-
tion spaces. The same semantic content may be en-
coded with different coordinates, distributions, and
local structures, creating barriers to direct transfer.
Consequently, naive feature injection introduces
additional signals without ensuring semantic align-
ment or generation compatibility.

To address these challenges, this paper proposes
a semantic alignment framework through discrimi-
native conditioning for generation (DisCon4Gen).
Guided by the manifold-inspired modeling per-
spective, DisCon4Gen formulates alignment as a
representation transformation that converts DLM
representations into conditioning signals compati-
ble with the GLM latent space. Furthermore, Dis-
Con4Gen incorporates a multi-granular condition-
ing mechanism operating at multiple levels of se-
mantics, capturing both global and fine-grained dis-
criminative cues. This hierarchical strategy ensures
that generative models can exploit the multi-scale
semantic information encoded in discriminative
representations, enabling more informed genera-
tion processes.

The main contributions are as follows:

* This paper identifies DLM—GLM integration
as a representation alignment problem char-
acterized by geometric and distributional mis-

match, viewed from a manifold-inspired mod-
eling perspective.

» This paper proposes DisCon4Gen, which
maps discriminative representations into gen-
eration conditions through representation
alignment and multi-granular conditioning.

* Experiments on five downstream datasets
demonstrate that DisCon4Gen achieves com-
petitive performance on diverse generation
and understanding tasks.

2 Related Work

Discriminative language models. Discrimina-
tive language models (DLMs), such as BERT (De-
vlin et al., 2019), RoBERTa (Liu et al., 2019), De-
BERTa (He et al., 2021), and ELECTRA (Clark
et al., 2020), learn contextual representations
through bidirectional or masked language modeling
objectives. They have achieved strong results on
understanding-oriented tasks, including classifica-
tion, named entity recognition, semantic matching,
and retrieval. However, these models are mainly
optimized for discrimination rather than autore-
gressive generation, making their representations
difficult for generative modeling.

Generative language models. Generative lan-
guage models (GLMs) model text through autore-
gressive next-token prediction and have become
the dominant backbone for open-ended genera-
tion and instruction following. Representative
models include GPT-style models (Radford et al.,
2019; Brown et al., 2020), T5 (Raffel et al., 2020),
PalLM (Chowdhery et al., 2023), Llama (Grattafiori
et al., 2024), Qwen (Yang et al., 2024), and Mix-
tral (Jiang et al., 2024). Although instruction tun-
ing improves their task adaptability (Ouyang et al.,
2022; Chung et al., 2024), their hidden representa-
tions are primarily shaped by generation objectives
and may lack explicit discriminative semantic guid-
ance for fine-grained understanding.

Collaboration between DLMs and GLMs. Re-
cent studies have explored combining discrimina-
tive and generative models to exploit their com-
plementary strengths. Retrieval-augmented gener-
ation uses discriminative retrievers or rankers to
provide external evidence for GLMs (Karpukhin
et al.,, 2020; Guu et al., 2020; Asai et al.,
2024; Yu et al., 2024), while other work stud-
ies representation-level integration through cross-
attention or encoder-decoder style connections (Li
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Figure 2: Overview of DisCon4Gen.

et al., 2022; BehnamGhader et al., 2024). However,
most existing methods focus on task-level collab-
oration. In contrast, DisCon4Gen explicitly ad-
dresses the geometric mismatch between DLM and
GLM representation manifolds, and learns multi-
granular alignment before using discriminative rep-
resentations as generation conditions.

3 Method

This section presents a semantic alignment frame-
work that enables GLMs to leverage discriminative
representations through geometric alignment and
multi-granular conditioning.

DisCon4Gen follows a two-level semantic condi-
tioning pipeline. Given an input text T, the frozen
DLM encodes it into contextual representations
HP. At the global level, the sentence-level projec-
tor f; maps the pooled discriminative representa-
tion into the GLM manifold, producing the aligned
sentence representation S. This representation is
further expanded by g, into sentence-level condi-
tions C,. At the local level, the token-level pro-
jector f; and the latent resampler produce local
semantic slots Z, which are used as token-level
conditions C;. Finally, C,, C;, and the prompt em-
bedding E+ are concatenated as E.,,q and fed into
the frozen backbone and trainable LoRA adapters
for conditional generation.

3.1 Semantic Manifold Representation

To enable different model semantic alignment,
DisCon4Gen first extracts contextual semantic
representations from both the discriminative lan-
guage model (DLM) and the generative language
model (GLM). Given an input text sequence T =
(t1,t2,...,tN), this section defines the DLM and
GLM representations used as the basis for align-
ment and conditioning.

Discriminative and Generative Semantic
Manifolds. Given an input text T, the discrimina-
tive tokenizer produces a token sequence of length
Lp, which is encoded by the DLM encoder D(-)
with Np Transformer layers. Let H%) € REpxdp
denote the hidden states of the [-th layer. To obtain
a high-level semantic representation, DisCon4Gen
averages the last M layers:

D 1 a U] Lpxdp
Y = Y HJeR . (D

I=Np—M+1

where M is a hyperparameter and HP =
(hP ..., th )T contains the fused contextual rep-
resentations of DLM tokens.

For the GLM, the same text T is tokenized into
a sequence of length L and processed by the de-
coder G(-) with Ng Transformer layers. Since
final-layer states are often biased toward next-token
prediction, an intermediate layer [* is used as the
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generative alignment space:
HC = G- (x) = HY) e RFoxde, ()

where 1 < I* < Ng, and H® = (h{, .. .,th)T
denotes the intermediate-layer GLM representa-
tions. Due to different tokenizers and hidden di-
mensions, Lp and Lg, as well as dp and d, are
generally inconsistent.

3.2 Manifold Geometric Alignment

Due to heterogeneous tokenization, dimensions,
and objectives, DLM and GLM representations are
not directly token-aligned. DisCon4Gen therefore
maps discriminative representations into the gener-
ative semantic manifold through global and local
geometric alignment.

Global Sentence-Level Alignment. Global
alignment aims to match the overall semantic intent
between the DLM and GLM representations. Given
the contextual embeddings HP and HE, sentence-
level representations are obtained by masked mean
pooling over valid tokens:

SP = Pool(HP,aP) € R, (3)
S¢ = Pool(H,a%) € R, “4)

where a” and a“ denote the corresponding atten-
tion masks.

A two-layer MLP projector with GELU activa-
tion maps the DLM sentence representation into
the GLM semantic manifold:

S = f,(SP) e R, (5)

To align S with the target GLM representation
S¢, DisCon4Gen optimizes a joint sentence-level
objective:

Esent = )\mﬁmse + ACL"COS + )\TL£HCG7 (6)

where L,s. enforces point-wise geometric close-
ness, Lo preserves directional consistency, and
Lce maintains batch-level discriminability by con-
trasting matched and unmatched DLM-GLM sen-
tence pairs. The detailed formulations of these
losses are provided in Appendix B.1.

Local Chunk-Level Alignment. To address
tokenizer-induced length mismatches (Lp # Lg),
DisCon4Gen employs a Latent Resampler to con-
vert variable-length DLM representations into K
fixed local semantic slots. The DLM hidden states
are first projected into the GLM hidden space:

X = f,(HP) e RLp>de, (7)

Given K learnable latent queries U € RE*dc,
attention pooling is performed over the projected
sequence:

T

A = Softmax <UX
Vdg

where padding positions indicated by a® are
masked before softmax. The resulting local slots
are computed as

,aD> e REXIp — (g)

Z = LayerNorm(AX) € RE*de_ (9)

The GLM hidden states are divided into K con-
secutive chunks according to token order, and each
chunk is mean-pooled to obtain the GLM-side local
target:

TC = [t?; .

St e REXde . (10)

The latent queries are implemented as an ordered
query bank, where each query has a fixed index.
Since the GLM hidden states are also partitioned
into K consecutive chunks in token order, the k-th
latent slot z;, is explicitly supervised by the k-th
GLM chunk representation t,?. This index-wise
supervision avoids permutation ambiguity and en-
courages each slot to capture the local semantic
segment at the same relative position.

Local alignment is then imposed without strict
token-to-token correspondence:

Lepunk = MSE(Z, T%). (11)

Joint Objective. The overall training objective
integrates both the global and local alignment sig-
nals:

L1 = Lsent + aﬁchunka (12)

where « is a balancing hyperparameter. Crucially,
during this alignment stage, the parameters of both
the DLM and GLM backbones are frozen. Only
the projectors (fs, f;) and the latent queries (U) are
optimized.

3.3 Discriminative Conditioning

DisCon4Gen utilizes the aligned discriminative fea-
tures to guide the GLM through a dual-conditioning
tuning mechanism.

Dual-Conditioning Construction. The mapped
global representation S is first expanded into a
sentence-level conditioning sequence through a

projector g(+):

C, = g(S) € R™>dc, (13)
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where gs(-) applies a linear transformation
WS + b, followed by reshaping, with W &
R(msdc)¥dc and b, € R™s9¢. The complete
sentence-level transformation is:
sP L8 % .. (14)
Meanwhile, the local slots Z from Section 3.2
are used as the token-level conditioning:

C, = Z e Rf*da, (15)

Let E;» € RY*46 denote the GLM embedding
of the generative prompt T'. When T/ = T, its
length satisfies L7 = Lg. The final conditional
input is formed by concatenating the sentence-level
condition, token-level condition, and prompt em-
bedding:

Econd = [Cs; Cy; ET/] S R<ms+K+Lm)XdG.
(16)
Given the target output sequence y =
(y1,92,---,9L,), the GLM predicts target tokens
autoregressively conditioned on E,,4. The cross-
entropy loss is masked for all conditioning and
prompt positions, including the first mgs + K + L,
positions. Therefore, the generation loss is com-
puted only over the target tokens:
Ly

1
> "log Py (yi | Beonas y<i)» (17)

Len =",
Yi=1

where 0 denotes the trainable parameters and y;
denotes the previously generated target tokens.
This masking prevents the model from being opti-
mized to reproduce the conditioning and prompt
positions, so that the training signal is focused on
target generation conditioned on the augmented
input.

Joint Tuning Objective. To ensure that the
generative manifold structurally internalizes the
injected conditions, DisCon4Gen introduces two
losses at the target layer [*. The global loss Ly,
binds the prompt-region hidden representation to
the injected sentence-level condition S, while the
local loss E;oken aligns the token-prefix hidden
states with the token-level conditioning C;. Both
losses combine MSE and cosine constraints, with
detailed formulations provided in Appendix B.?2.

The final objective is formulated as

£2 = ﬁgen + )‘SE;ent + )‘tﬁ;oken' (18)

During this phase, only the semantic projectors,
the conditioning projector g,(-), and Low-Rank
Adaptation (LoRA) modules are optimized, while
the DLM and GLM backbones remain frozen.

4 Experiments and Analyses

4.1 Experimental Setup

ScienceQA (Saikh et al., 2022) is used as the align-
ment corpus to learn cross-model semantic corre-
spondence, without using downstream task labels
or output schemas (Appendix D); additional corpus
ablations are provided in Appendix D.1. Down-
stream evaluation is conducted on five instruction-
tuning datasets: CoNLLO3 (Tjong Kim Sang and
De Meulder, 2003), ACEO5 (Doddington et al.,
2004), and CoNLLO04 (Roth and Yih, 2004) for se-
mantic understanding, and CommonGen (Lin et al.,
2020) and AESLC (Zhang et al., 2019) for genera-
tive reasoning.

Both alignment quality and downstream genera-
tion performance are evaluated. Alignment quality
is measured by validation loss and cosine similarity.
Since all downstream tasks are formulated as condi-
tional generation, task-specific generation metrics
are reported: micro-F1 (%) for CoNLLO03, ACEOS,
and CoNLLO04; ROUGE-1/2/L (%) (Lin, 2004) for
AESLC; and BLEU-4, CIDEr, and SPICE (Pap-
ineni et al., 2002; Vedantam et al., 2015; Anderson
et al., 2016) for CommonGen.

DisCon4Gen' is implemented with PyTorch
and PEFT. Unless otherwise specified, we use
Llama3-8B as the GLM and RoBERTa-base as the
DLM. Both backbones are frozen during alignment
and conditioning tuning; only the projectors, la-
tent resampler, conditioning modules, and LoRA
adapters are optimized. Models are trained for 3
epochs with AdamW using 8 sentence-level condi-
tions and 8 token-level slots. Downstream results
are averaged over three runs with different random
seeds. More details are provided in Appendix C
and Appendix F. Additional results with modern
embedding encoders are provided in Appendix G.1.

4.2 Baselines

We compare DisCon4Gen with reported task-
specific methods and our own supervised fine-
tuning (SFT) baselines. For AESLC, we include
PEGASUS and ROUGE-Ext from Sahu and San-
jeevi (2021), and active-learning baselines reported
by LDCAL (Li et al., 2024a). For CommonGen,
we compare with standard benchmark baselines,
retrieval-enhanced generation, and constrained de-
coding methods (Lin et al., 2020; Wang et al., 2021;
Lu et al., 2021). For semantic understanding tasks,

LCode is available at https://github.com/caiwyang/
discon4gen-submission.
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Table 1: Results on generative reasoning tasks. Bold and underlined values denote the best and second-best
results, respectively. Values in parentheses show the difference from DisCon4Gen. SFT denotes our LoRA-based
supervised fine-tuning baselines. DisCon4Gen uses beam size 6 on CommonGen (other decoding details are in

Appendix H).

Model AESLC Model CommonGen

R-1 R-2 R-L BLEU-4 CIDEr SPICE
Existing Methods
PEGASUS 37.68 21.25 36.51 GPT-2 23.74 12.18 23.57
RB(ext-seq) 39.34 22.24 38.15 T5-Large 31.96 15.13 28.86
Core-set 25.20 14.00 25.90 BART 31.83 13.98 27.99
BAS 28.50 15.10 27.50 RE-T5 40.86 17.66 31.08
LDCAL 30.10 16.90 29.30 NEUROLOGIC 28.60 15.60 29.60
Average 32.16¢-11.10)  17.90875)  31.47¢1041)  Average 31.40c9.97)  14.91¢426)  28.22(-4.36)
Supervised Fine-Tuning (SFT with LoRA)
Llama3-8B 34.15 19.73 33.55 Llama3-8B 28.20 15.78 29.47
Qwen3-8B 31.02 16.13 30.32 Qwen3-8B 21.35 14.65 30.02
Mistral-7B 20.92 9.38 20.29 Mistral-7B 24.98 12.71 25.12

Qwem25-1.5B 2076 1437 2056 Qwen2.5-15B 2115 1082 2577

Gemma-2-2B 19.15 12.79 18.97 Gemma-2-2B 19.79 10.72 22.11
Average 25.20¢1806)  14.48¢1217)  24.74¢17.14)  Average 23.09¢1828)  12.94623)  26.500-6.08)
Our Proposed Method (Llama3-8B+RoBERTa-base)
DisCond4Gen 43.26 26.65 41.88 41.37 19.17 32.58

we include recent instruction-based, generalizable,
reasoning-enhanced, and parameter-efficient infor-
mation extraction systems (Wang et al., 2023; Zhou
et al., 2024; Zaratiana et al., 2024; Huang et al.,
2026; Li et al., 2024c; Gui et al., 2024; Liu et al.,
2026; Li et al., 2025; Yang et al., 2025b; Jin et al.,
2025). Unless otherwise specified, the main re-
sults use L1ama3-8B as the GLM backbone and
RoBERTa-base as the DLM backbone. The corre-
sponding LoRA-SFT baselines use the same GLM
backbone under the same instruction format and
evaluation protocol for fair comparison. Details are
provided in Appendix E.

4.3 Main Results

Results on generative reasoning tasks. Table 1
reports the results on AESLC and CommonGen.
Compared with the average of existing methods,
DisCon4Gen improves AESLC by 11.10, 8.75, and
10.41 points on ROUGE-1/2/L, and improves Com-
monGen by 9.97 BLEU-4, 4.26 CIDEr, and 4.36
SPICE. The gains over LoRA-based SFT baselines
are even larger, especially on AESLC, where Dis-
Con4Gen improves the average SFT performance
by 17.14 ROUGE-L. These results suggest that
simply adapting the GLM with LoRA is insuffi-
cient to fully capture input semantics, while aligned

discriminative conditions provide more effective
semantic guidance for generation.

Results on semantic understanding tasks. Ta-
ble 2 shows that DisCon4Gen achieves strong per-
formance on semantic understanding tasks. It im-
proves over the average of existing methods by
2.22, 1.79, and 3.91 F1 on CoNLLO3, ACEOQS,
and CoNLLO4, respectively, and brings larger
gains over LoRA-based SFT baselines. Although
DisCon4Gen does not obtain the best score on
every dataset, it remains competitive with task-
specific methods, many of which are specially de-
signed for particular extraction settings. In con-
trast, DisCon4Gen follows a unified alignment-and-
conditioning framework, showing stable effective-
ness across different tasks.

Overall analysis. Overall, DisCon4Gen
achieves competitive performance against task-
specific methods. The gains mainly come from
injecting aligned discriminative semantics into the
GLM, where sentence-level conditions provide
global semantic intent and token-level conditions
preserve local structural cues.

4.4 Ablation Study

To examine explicit alignment and discrimina-
tive conditioning, DisCon4Gen is compared with
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Table 2: Results on semantic understanding tasks.
Bold and underlined values denote the best and second-
best results, respectively. Values in parentheses show the
difference from DisCon4Gen. We report F1 scores for
NER on CoNLLO03 and ACEOQ5, and RE on CoNLLO04.

Model NER RE
CoNLL03 ACE0(5 CoNLL04
Existing Methods
InstructUIE 91.53 79.94 78.48
UniNER 93.30 86.69 -
GLiNER 92.60 82.80 -
ReasoningNER 94.40 86.60 -
KnowCoder 95.10 86.10 73.30
IEPILE 92.98 - 73.71
ProUIE 92.41 86.15 73.17
MR-UIE 92.61 - 73.55
B2NER 92.56 83.04 -
Multi-LoRA 93.16 86.53 76.77
Average 92.7722)  84.73¢119  74.83¢3.91)
Supervised Fine-Tuning (SFT with LoRA)
Llama3-8B 91.49 76.85 56.37
Qwen3-8B 91.49 82.14 63.95
Mistral-7B 85.28 69.12 49.50
Qwen2.5-1.5B 86.39 69.44 58.02
Gemma-2-2B 80.89 63.90 45.05
Average 87.11¢188)  72.29¢1423)  54.58(24.16)
Our Proposed Method
DisCon4Gen 94.99 86.52 78.74

controlled variants from three aspects: condition-
ing components, alignment objectives, and tuning
losses. S only, T only, w/o LoRA, and w/o Init. test
the effects of different conditioning and training
mechanisms, where w/o Init. corresponds to direct
DLM-based condition injection without alignment
pretraining. w/o NCE, w/o Chunk, w/o S-Tune, and
w/o T-Tune remove different alignment or tuning
objectives. All variants use the same setting, with
full definitions in Appendix I.

Table 3 shows that both sentence-level and token-
level conditions are necessary. Using only C; or
C; underperforms the full model, indicating that
global semantic guidance and local structural cues
are complementary. Removing LoRA causes the
largest degradation, especially on AESLC, suggest-
ing that the generator must be adapted to effectively
use the injected conditions. The drop of w/o Init.
further confirms the importance of manifold geo-
metric alignment as initialization.

The loss-level ablations show that both align-
ment and tuning objectives contribute to perfor-

Table 3: Ablation results on representative datasets.
Full definitions are provided in Appendix I.

Type Variant CoNLL04 AESLC CommonGen
F1 R-L B-4
Cond. S only 73.08 32.38 27.20
Cond. T only 76.98 34.68 30.75
Train  w/o LoRA 58.46 11.83 23.35
Train  w/o Init. 71.43 32.75 3478
Align. w/o NCE 66.94 39.20 29.42
Align. w/o Chunk 72.51 39.42 29.00
Tune w/o S-Tune 73.31 38.86 28.93
Tune  w/o T-Tune 69.67 39.24 26.81
DisCond4Gen 78.74 41.88 41.37

Figure 3: Conditioning design analysis on representa-
tive tasks. The chart shows the effects of conditioning
length and the joint tuning weight A on DisCon4Gen.

mance. Removing £,,.e weakens input-specific dis-
criminability, leading to large drops on CoNLLO04
and CommonGen. Removing L.nunk also hurts
performance, especially on CommonGen, showing
the value of local chunk-level alignment. Finally,
removing L, or £{_,  degrades all tasks, indi-
cating that joint tuning helps the GLM internalize
the injected discriminative conditions. Additional
conditioning-slot interventions are provided in Ap-
pendix J.

4.5 Analysis of Conditioning Design

This section analyzes the effects of conditioning
length and the joint tuning weight on four represen-
tative datasets, as shown in Figure 3.

Effect of conditioning length. The conditioning
length controls both the number of sentence-level
conditions m, and the number of token-level slots
K in E.y,q. Increasing mg and K from 4 to 8 im-
proves performance, showing that very short con-
ditions cannot sufficiently encode discriminative
semantics. Further increasing them to 16 brings
limited gains and sometimes hurts generation, sug-
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A=sim(g.g*) = sim(q.g")

Correct-Pair Rank CDF

Similarity Margin A

Projector Projector Correct-pair Rank Threshold

(a) Margin distribution. (b) Rank CDF.

Figure 4: Diagnostics for probing DLM-GLM man-
ifold correspondence. (a) The margin is defined
as A = sim(q,g") — sim(q, g~ ), where g is the
matched GLM representation and g~ is the hardest neg-
ative. Positive margins indicate higher similarity to the
matched pair. (b) The rank CDF reports the percentage
of inputs whose matched GLM representation is ranked
within top-K candidates.

gesting that overly long conditions may introduce
redundant or noisy signals. The default setting is
therefore my = K = 8.

Effect of joint tuning weight. The joint tun-
ing weight A controls the auxiliary conditioning
objectives in L. Small values such as 0 or 0.01
cause clear performance drops, indicating that sim-
ply concatenating aligned conditions is insufficient.
The setting A = 0.1 provides the best trade-off be-
tween semantic consistency and generation quality.
These results confirm the importance of sufficient
conditioning capacity and properly weighted joint
tuning.

4.6 Verifying Manifold Alignment

This section verifies whether manifold geometric
alignment makes DLM and GLM representations
more consistent on the shared semantic manifold.
As shown in Figure 4, a positive margin means that
the projected DLM representation has higher sim-
ilarity to its matched GLM representation than to
the hardest negative. The random projector yields
mostly negative margins, with mean —0.0057 and
only 2% positive samples, while the trained align-
ment module shifts the margin above zero, with
mean 0.0068 and 97% positive samples. The rank
curve shows the same trend, where matched GLM
representations are ranked near the top for almost
all inputs after alignment. Figure 5 further shows
that the diagonal matched-pair structure is pre-
served after projection, while off-diagonal stripe-
like bias is reduced. These results suggest that the
alignment module maps DLM representations into
a GLM-compatible space while preserving input-
specific semantic correspondence, rather than act-

Before Projection

After Projection
I

Figure 5: Pairwise similarity matrices before and af-
ter manifold alignment. The diagonal denotes matched
DLM-GLM pairs. After alignment, the diagonal struc-
ture is preserved while off-diagonal bias is reduced.

Table 4: Effect of GLM alignment layer. Lower,
middle, upper, and final layers correspond to | N /4],
|N¢/2], |3Ng /4], and Ng, respectively.

Layer CoNLL04 AESLC CommonGen
F1 R-L B-4
Lower 62.30 35.79 33.43
Middle 78.74 41.88 41.37
Upper 71.43 38.95 40.60
Final 76.61 40.01 39.34

ing as an arbitrary projection. Additional cross-
corpus alignment diagnostics are provided in Ap-
pendix D.2.

4.7 Alignment Layer Selection Analysis

The choice of the GLM alignment layer [* deter-
mines which hidden space is used as the genera-
tive semantic manifold. Table 4 compares lower,
middle, upper, and final GLM layers as alignment
targets. The middle layer achieves the best perfor-
mance on all three representative datasets, reach-
ing 78.74 F1 on CoNLLO04, 41.88 ROUGE-L on
AESLC, and 41.37 BLEU-4 on CommonGen.

The lower layer performs the worst, suggesting
that early GLM representations are not sufficiently
semantic for manifold alignment. Upper and fi-
nal layers perform better than the lower layer, but
still underperform the middle layer. This indicates
that high-level GLM states contain useful seman-
tic information, but may also be more affected by
autoregressive next-token prediction. Therefore,
the middle layer provides a more stable alignment
space for discriminative representations. The same
trend is also observed with Qwen3-8B, as reported
in Appendix G.2.

5 Conclusion

We introduced DisCon4Gen, a lightweight frame-
work that converts discriminative representations
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into GLM-compatible semantic conditions through
sentence-level and chunk-level manifold alignment.
Experiments show that DisCon4Gen consistently
improves over supervised fine-tuning baselines
across both semantic understanding and genera-
tive reasoning tasks. Further analyses suggest that
the learned transformation improves input-specific
semantic correspondence, supporting discrimina-
tive conditioning as an effective way to enhance
generation with aligned semantic guidance.
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Limitations

This work has several limitations. First, Dis-
Con4Gen requires an additional alignment cor-
pus to learn the transformation between DLM and
GLM representation manifolds. Although both
backbones are frozen and the alignment stage is
lightweight, the quality and domain coverage of the
alignment corpus may influence downstream per-
formance. Second, our experiments are mainly con-
ducted on English semantic understanding and gen-
erative reasoning tasks. Extending DisCon4Gen
to multilingual settings, long-context generation,
and more open-ended dialogue scenarios remains
future work. Third, we use fixed-length sentence
prefixes and token-level semantic slots for discrim-
inative conditioning. This design is efficient, but
may be less expressive for complex document-level
semantics. Future work can explore adaptive or hi-
erarchical semantic conditioning. Finally, while
our analysis suggests that the learned transforma-
tion preserves input-specific semantic manifold cor-
respondence, a deeper theoretical understanding of
how manifold alignment affects generation quality
is still needed.
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A Extended Preliminaries

A.1 Manifold-Based Alignment

Under the manifold hypothesis, natural language
semantics can be regarded as lying on a low-
dimensional latent semantic manifold M, where
semantically similar texts correspond to nearby
points. Although natural language is observed as
high-dimensional discrete sequences, different lan-
guage models can be viewed as learning differ-
ent coordinate systems or parameterizations of the
same underlying semantic manifold.

Given an input text z € X, a discriminative
language model maps it into a discriminative repre-
sentation manifold Hp C RYP, while a generative
language model maps it into a generative represen-
tation manifold Hqo C R%:

fD :X—)HD, fg:.)(—>'Hg. (19)
Both manifolds encode the same semantic content,
but their coordinates and local geometry may dif-
fer due to different tokenizers, architectures, and
training objectives. Therefore, semantic manifold

alignment can be formulated as learning a transfor-
mation

D . HD — %G, (20)

which maps discriminative representations into the
GLM-side semantic manifold.

The generic alignment objective can be written
as

N

Laign(®) = 3 Do d(®(fo (). folw1)), @D

i=1

where d(-, -) denotes a distance or similarity-based
discrepancy. In DisCon4Gen, this transformation
is implemented through sentence-level and token-
level projectors, which map DLM representations
into GLM-compatible semantic coordinates.

A.2 Continuous Conditioning

A standard autoregressive language model factor-
izes the generation probability over discrete tokens.
Given an input sequence x = (x1,...,%,) and a
target sequence y = (y1,...,yr), the model de-

fines
T

p(y [ x) =[] p( | y<t. ).

t=1

(22)

The input sequence is first mapped into continuous
embeddings
d
E(x) = (ez,..-,€s,), e, € R%. (23)
This discrete-token interface restricts the direct
use of continuous semantic representations from
external models. Continuous conditioning relaxes
this constraint by prepending dynamically gener-
ated vectors P € R™*96 to the input embeddings:
E = [P; E(x)] e RO"Fxda  (24)
The generation process is then conditioned on the
augmented embedding:

T

p(y | %,P) =[] pw: |y, E).
t=1

(25)

In DisCon4Gen, P is not a set of free soft prompts,
but is constructed from aligned discriminative rep-
resentations, including sentence-level conditions
C, and token-level conditions C;.
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B Details of Loss

B.1 Manifold Geometric Alignment Loss

Given a mini-batch of B samples, let S, = fs(SZD )
denote the projected DLM sentence representa-
tion of the i-th sample, and let S¢ denote the
corresponding GLM sentence representation. The
sentence-level MSE loss is defined as

1
£mse - E : (26)
=1
The cosine loss is defined as
1 B
Lecos = B Z (1 — cos <SZ-, SZG>> , 27
i=1

where cos(-, -) denotes cosine similarity.

For bidirectional contrastive alignment, the
scaled similarity between the i-th projected DLM
representation and the j-th GLM representation is

cos (SZ, SJG)

qij =
J T )

(28)

where 7 is the temperature. The DLM-to-GLM and
GLM-to-DLM contrastive losses are:

Lpog=—7% Zl LQ) (29)
j 1eXp(qlJ)
Losp =7 Zl —exp (3) (30)
Yo exp(g;i)
The bidirectional InfoNCE loss is:
1
£nce - 5 (ACD—>G + £G—>D) . (31)

For local alignment, let Z € R¥*9¢ denote the
resampled DLM local slots, and let T¢ € RK*dc
denote the GLM-side chunk targets. The chunk-
level alignment loss is:

Letnk = MSE (Z, T) . (32)

The complete manifold geometric alignment ob-
jective is:
L1 = Lsent + @Lehunk, (33)

where

Esent - )\mﬁmse + )\cﬁcos + )\nﬁnce (34)

B.2 Discriminative Conditioning Loss

Given a target sequence y = (y1,...,9r,) the

autoregressive generation loss is computed only
over target tokens:
1 &

Lgen = —— Zlogp@ (¥i | Beonds Y<i) , (35)
i=1

where Eonqg = [Cs; Cy; Eqv] denotes the dual-

conditioned input embedding. Prefix and prompt

positions are masked out during loss computation.

Let hprompt € R4 denote the pooled prompt-

region hidden representation at the target layer [*,

and let S € R’ denote the aligned sentence-level

representation. The sentence-level tuning loss is:

2
! A
‘Csent = thrompt -8 9

+ (1 — cos (hprompt, S)) .

Let Hgl*) € RE*dc denote the token-prefix hid-
den states at layer {*, and let C; € RE*dc denote
the token-level condition. The token-level tuning
loss is:

1 ¢ (1) 2
token = Z { HHt,k’ o Ct,kH2
k:l

(36)

+1—cos (Hgl,g CM) } .
(37)
The complete discriminative conditioning tuning
objective is:

‘CQ = Egen + Asﬁlsent + Atﬁjcoken‘ (38)

C Implementation Details

DisCon4Gen is implemented with PyTorch, Hug-
ging Face Transformers, and PEFT. Unless
otherwise specified, the main experiments use
Meta-Llama-3-8B-Instruct as the GLM back-
bone and roberta-base as the DLM backbone.
Additional backbone combinations are reported in
Appendix F.

Data splits. For CoNLLO03 and ACEO5, we fol-
low the data splits used by Yang et al. (2025a).
For CoNLLO04, we follow the split setting of Wang
et al. (2025). For AESLC and CommonGen, we
use the standard benchmark splits from the original
datasets (Zhang et al., 2019; Lin et al., 2020). In
all downstream experiments, the training and de-
velopment sets are merged for model training, and
the test set is used only for final evaluation. The
split statistics are shown in Table 5.
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Table 5: Dataset split statistics. Train and Dev are
merged for training, and Test is used for final evaluation.

Dataset Train Dev Test
CoNLLO3 29,441 5,648 5,648
ACEO05 24,132 3,171 2,956
CoNLL04 1,283 343 422
AESLC 14,436 1,960 1,906
CommonGen 32,651 993 1,497

Input format and output parsing. All tasks
are formulated as conditional generation. For the
alignment corpus, each instance is formatted as
Context: Question: Answer:

For NER and RE, model outputs are parsed into
structured entity or relation tuples. Invalid outputs
and unmatched formats are counted as incorrect
predictions.

Manifold geometric alignment. During mani-
fold geometric alignment, both the DLM and GLM
backbones are frozen. Only the sentence-level pro-
jector fs, token-level projector f;, and latent re-
sampler R are optimized. DLM token representa-
tions are obtained by averaging the last four hidden
layers, and sentence representations are computed
with masked mean pooling. On the GLM side, the
middle layer is used as the generative semantic
manifold unless otherwise specified.

The sentence-level and token-level projectors
are implemented as two-layer MLPs with GELU
activation and LayerNorm. The latent resampler
uses learnable latent queries to compress variable-
length DLM token representations into K token-
level semantic slots. The coefficients for MSE,
cosine, InfoNCE, and chunk-level losses are set to
1.0, 1.0, 0.1, and 0.5, respectively.

The alignment modules are trained for 3 epochs
with AdamW, using a learning rate of 1 x 1074,
weight decay 1 x 10~2, gradient clipping with max-
imum norm 1.0, and a linear warmup schedule over
10% of total update steps. The maximum sequence
length is 384.

Discriminative conditioning tuning. During dis-
criminative conditioning tuning, the DLM and
GLM backbones remain frozen. The alignment
modules are initialized from the manifold geomet-
ric alignment checkpoint. The aligned sentence
representation is expanded into sentence-level con-
ditions through g(-), while token-level semantic
slots are used as token-level conditions. These con-

Table 6: Default hyperparameters used in the experi-
ments.

Hyperparameter Value
Alignment epochs 3
Conditioning tuning epochs 3
Alignment learning rate 1x1074
Projector / condition learning rate 5 x 107°
LoRA learning rate 1x1074
Weight decay 1x1072
Gradient clipping 1.0
Warmup ratio 10% / 5%
Sentence-level conditions 8
Token-level slots 8
LoRA rank 8
LoRA alpha 16
LoRA dropout 0.05
Max source length 320
Max target length 64
Random seeds 42 /43 /44

ditions are concatenated with prompt embeddings
and fed into the GLM.

LoRA is applied to the generator attention pro-
jections, including g_proj, k_proj, v_proj, and
o_proj. The LoRA rank is 8, the scaling factor is
16, and the dropout rate is 0.05. The default setup
uses 8 sentence-level conditions, 8 token-level slots,
a maximum source length of 320, and a maximum
target length of 64.

The model is trained for 3 epochs with AdamW.
The learning rate is 5 x 10~ for projectors and
conditioning modules, and 1 x 10~ for LoRA pa-
rameters. Weight decay is set to 1 x 1072, gradient
clipping uses maximum norm 1.0, gradient accu-
mulation is 4, and the warmup ratio is 5%. For
each downstream dataset, we repeat discriminative
conditioning tuning three times using different ran-
dom seeds and report the averaged results in the
main tables.

Training Cost and Hardware. All experiments
were conducted on NVIDIA RTX A6000 GPUs
with 48GB memory. Unless otherwise specified,
all experiments were trained on a single GPU.

For the representative Qwen3-8B + BERT-base
configuration, the trainable parameter statistics are
summarized in Table 7. During manifold geomet-
ric alignment, both the DLM and GLM backbones
remain frozen, and only the cross-model projectors
and latent resampler are optimized, resulting in ap-
proximately 56.7M trainable parameters. During

18306



Table 7: Representative training cost and trainable parameter statistics.

Training Phase / Dataset Trainable Params Training Time GPU Memory
Alignment pretraining 56.7M 3.8h within 48GB
CoNLLO04 tuning 215.4M/ 8.52B 13 min within 48GB
AESLC tuning 215.4M/8.52B 2.7h up to ~ 48GB
CommonGen tuning 215.4M/ 8.52B 6.6 h within 48GB

discriminative conditioning tuning, the DLM and
GLM backbones are still frozen, and only LoRA
adapters together with conditioning modules are
updated, resulting in approximately 215.4M train-
able parameters out of 8.52B total parameters.

GPU memory usage was monitored using
nvidia-smi. The largest configuration, using
Qwen3-8B with 512-token inputs, nearly saturated
the 48GB memory capacity of the RTX A6000
GPU.

Since some historical runs did not record exact
peak CUDA memory statistics, the reported mem-
ory values should be interpreted as approximate
hardware requirements rather than profiler-level
peak measurements.

In practice, the additional computational over-
head of DisCon4Gen mainly comes from: (1) the
forward pass of the frozen DLM encoder, and (2)
the extended conditioning prefix sequence injected
into the GLM.

Compared with full-parameter instruction tuning
of large generative models, DisCon4Gen substan-
tially reduces the number of trainable parameters
while preserving strong downstream performance
across both semantic understanding and controlled
generation tasks.

Decoding. For structured extraction tasks, includ-
ing CoNLLO03, ACEOS, and CoNLL04, greedy de-
coding is used to reduce format variation. For
AESLC and CommonGen, beam search is used.
Following the CommonGen decoding setting in
NeuroLogic Decoding (Lu et al., 2021, 2022), the
default beam size is set to 6 for CommonGen. To
ensure fair comparison, all LoORA-SFT baselines
are evaluated with the same decoding strategy and
beam size as DisCon4Gen. No additional lexical
constraints or task-specific constrained decoding
are used for DisCon4Gen unless explicitly stated.

D Alignment Corpus Analysis

We further examine the influence of the alignment
corpus. Since the alignment stage is designed to

Table 8: Effect of different alignment corpora.
CoNLLO04 is evaluated by F1, and AESLC by ROUGE-
1/72/L.

Alignment Text CoNLL04 AESLC

F1 R-1 R-2 R-L
ScienceQA 78.74 4326 26.65 41.88
Downstream inputs only 78.67 44.13 26.56 39.80
WikiText-103 78.15 4291 2598 35.99
GLM-only LoRA 56.37 34.15 19.73 33.55

learn model-space correspondence rather than task-
specific decision boundaries, ScienceQA is used
as a general semantic alignment corpus. It con-
tains natural language contexts, questions, and an-
swers, but does not share task labels or output
schemas with the downstream NER, relation ex-
traction, email subject generation, or commonsense
generation datasets.

To reduce potential leakage concerns, we ensure
that the downstream training and test instances are
not used in the alignment stage. The alignment
corpus is only used to construct paired DLM and
GLM representations of the same input text, and
no downstream labels are involved. Therefore, the
observed improvements are unlikely to come from
memorizing downstream annotations.

The cross-task gains suggest that the learned
transformation captures general DLM—-GLM repre-
sentation correspondence rather than task-specific
patterns. Nevertheless, the quality and domain
coverage of the alignment corpus may affect per-
formance. The additional corpus ablations below
further examine the robustness of the learned align-
ment across different unlabeled text sources.

D.1 Alignment Corpus Ablation

To further examine whether the effectiveness of
DisCon4Gen depends on a specific alignment cor-
pus, we compare ScienceQA with two alternative
unlabeled text sources: downstream inputs without
task labels or output schemas, and WikiText-103.
The results are reported in Table 8.
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Table 9: Cross-corpus alignment diagnostics. Higher
values indicate stronger DLM—-GLM correspondence.

Corpus Pair Cos. Raw Corr. Proj. Corr. Gain R@1
ScienceQA 0.8929 0.5752 0.6991  +0.1238 1.0000
Downstream  0.9292 0.8739 0.9004  +0.0265 0.9800
WikiText 0.9200 0.7271 0.8369  +0.1099 1.0000

The results show that useful DLM-GLM cor-
respondence can be learned from different unla-
beled text sources. ScienceQA, downstream inputs,
and WikiText-103 all substantially outperform the
GLM-only LoRA baseline. This indicates that the
gains of DisCon4Gen do not rely on downstream
labels or output schemas. Nevertheless, the differ-
ences across alignment corpora also suggest that
corpus characteristics can affect the quality of the
learned representation alignment.

D.2 Cross-Corpus Alignment Diagnostics

We further evaluate the learned mapping on dif-
ferent text sources using representation-level diag-
nostics. Table 9 reports matched-pair cosine sim-
ilarity, structural correspondence before and after
projection, the resulting correspondence gain, and
projected Recall@]1.

Projection consistently improves structural cor-
respondence across the three corpora, with gains
ranging from 0.0265 to 0.1238. The projected rep-
resentations also achieve near-perfect matched-pair
retrieval, with Recall@1 reaching 0.98 or above.
These results provide additional evidence that the
learned transformation captures transferable cross-
model correspondence rather than an arbitrary pro-
jection tied to a single alignment corpus.

E Baseline Details

AESLC baselines. For AESLC, PEGASUS and
ROUGE-Ext are taken from Sahu and Sanjeevi
(2021). PEGASUS is a pre-trained abstractive sum-
marization model, while ROUGE-Ext fine-tunes
PEGASUS using important sentences selected by
ROUGE. Core-set, BAS, and LDCAL are taken
from Li et al. (2024a). The Core-set and BAS re-
sults are not taken from their original papers, but
from the unified AESLC evaluation in LDCAL.

CommonGen baselines. For CommonGen, GPT-
2, T5-Large, and BART are standard benchmark
baselines reported in the CommonGen bench-
mark (Lin et al., 2020). RE-T5 augments
commonsense generation with retrieved knowl-
edge (Wang et al., 2021), while NeuroLogic ap-

plies predicate-logic constrained decoding for con-
trollable concept-to-sentence generation (Lu et al.,
2021).

Semantic understanding baselines. For seman-
tic understanding tasks, recent information extrac-
tion systems are included. InstructUIE formulates
information extraction as instruction-guided gen-
eration (Wang et al., 2023). UniNER focuses on
open-domain named entity recognition (Zhou et al.,
2024). GLINER is a generalizable NER model
with arbitrary entity types (Zaratiana et al., 2024).
ReasoningNER introduces reasoning chains for
NER (Huang et al., 2026). KnowCoder represents
extraction schemas in code-style structures (Li
et al., 2024c). IEPile provides a large-scale schema-
conditioned instruction corpus (Gui et al., 2024).
ProUIE, MR-UIE, B?NER, and Multi-LoRA are
also included as recent universal or parameter-
efficient information extraction baselines (Liu et al.,
2026; Li et al., 2025; Yang et al., 2025b; Jin et al.,
2025).

SFT baselines. LoRA-based supervised fine-
tuning baselines are implemented with recent open-
weight LLMs, including Llama3-8B, Qwen2.5-
1.5B, Qwen3-8B, Mistral-7B, and Gemma-2-2B.
These baselines use the same instruction format,
training data, and evaluation protocol as Dis-
Con4Gen.

F Backbone Configuration Analysis

To examine the effect of different backbone com-
binations, DisCon4Gen is evaluated with mul-
tiple DLM and GLM configurations, including
BERT-base and RoBERTa-base as discriminative
encoders, and Qwen2.5-1.5B, Qwen3-8B, and
Llama3-8B as generative backbones. The results
are reported in Table 10.

Several observations can be made. First, stronger
GLM backbones generally lead to better down-
stream performance. Llama3-8B consistently
achieves the best overall results across most tasks,
while Qwen2.5-1.5B shows noticeably weaker gen-
eration and extraction capability due to its smaller
model capacity. Second, RoBERTa-base consis-
tently outperforms BERT-base under the same
GLM setting, suggesting that stronger discrimi-
native semantic representations provide more effec-
tive conditioning signals for manifold alignment
and generation.

Overall, these results indicate that DisCon4Gen
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Table 10: Effect of different DLM and GLM backbones. Bold and underlined values denote the best and
second-best results, respectively. Main experiments use L1ama3-8B and RoBERTa-base.

Backbone Semantic Understanding AESLC CommonGen
GLM DLM CoNLL03 ACEO05 CoNLL0O4 R-1 R-2 R-L B-4 CIDEr SPICE
Llama3-8B BERT-base 93.21 87.14 77.86 41.72 24.25 4043 3797 18.23 3443
Qwen3-8B BERT-base 91.78 85.05 70.16 39.66 22.46 38.10 3696 1625 35.12
Qwen2.5-1.5B  BERT-base 80.10 63.91 69.20 3092 19.38 20.29 31.57 14.65 3441
Llama3-8B RoBERTa-base 94.99 86.52 78.74 43.26 26.65 41.88 41.37 19.17 3258
Qwen3-8B RoBERTa-base 92.36 85.55 75.62 4298 2443 41.10 39.62 17.17 33.90
Qwen2.5-1.5B  RoBERTa-base 83.04 78.22 66.43 31.36 14.37 20.56 3224 14.69  30.58

Table 11: Results with modern embedding encoders.
CoNLLO04 is evaluated by F1 and AESLC by ROUGE-
1/2/L.

Table 12: Alignment layer selection with Qwen3-8B.
Middle-layer representations consistently provide the
strongest alignment target.

Encoder GLM CoNLL04 AESLC
F1 R-1 R-2 R-L
Qwen3-Embedding-0.6B Llama3-8B 6596  38.60 22.61 37.78

Ilama-nemotron-embed-1b-v2 Qwen3-8B 76.13 39.86 21.46 38.69

is compatible with different DLM and GLM
backbones and benefits from improvements on
both the discriminative and generative sides.
Unless otherwise specified, the main experi-
ments use L1ama3-8B as the GLM backbone and
RoBERTa-base as the DLM backbone.

G Additional Backbone Robustness
Analysis

G.1 Modern Embedding Encoders

The main backbone analysis uses BERT-base and
RoBERTa-base as discriminative encoders. To ex-
amine whether DisCon4Gen can also operate with
more recent LM-family embedding models, we ad-
ditionally evaluate Qwen3-Embedding-0.6B and
Ilama-nemotron-embed-1b-v2. The results are re-
ported in Table 11.

The results demonstrate that DisCon4Gen can be
instantiated with modern embedding encoders and
is not restricted to BERT/RoBERTa-style DLMs.
However, newer embedding encoders do not auto-
matically yield stronger downstream performance.
One possible explanation is that retrieval-oriented
embedding models emphasize sentence-level se-
mantic matching, whereas DisCon4Gen also relies
on fine-grained token- and chunk-level structure
for local alignment and conditioning. This result
further highlights the importance of representation
compatibility across heterogeneous encoder fami-
lies.

Alignment Layer CoNLL04 AESLC CommonGen

F1 R-L B-4
Lower 59.85 34.92 31.85
Middle 75.62 41.10 39.62
Upper 69.21 38.15 38.90
Final 72.84 39.45 39.11

G.2 Additional GLM Alignment Layer
Analysis

The main layer-selection analysis uses Llama3-8B
as the GLM backbone. To examine whether the
observed trend is specific to this model, we repeat
the experiment using Qwen3-8B. The results are
reported in Table 12.

The Qwen3-8B results show the same overall
trend as the Llama3-8B analysis: the middle layer
provides the strongest alignment target, while the
lower layer performs substantially worse and the
upper and final layers remain below the middle
layer. This consistency suggests that the preference
for intermediate representations is not specific to
a single GLM backbone. A possible interpretation
is that lower layers contain less mature semantic
information, whereas later layers are increasingly
shaped by the autoregressive prediction objective.

H Decoding Strategy Analysis

Following prior work on constrained decoding for
CommonGen, which commonly compares greedy
decoding, sampling-based decoding, and beam-
search variants (Lu et al., 2022), we examine the
effect of decoding strategies under different de-
coding settings. Specifically, we evaluate greedy
decoding, sampling, and beam search with varying
beam sizes on CommonGen.
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Table 13: Decoding strategy analysis on Common-
Gen. Beam size 6 achieves the best overall performance
and is used as the default setting in the main experi-
ments.

Decoding BLEU-4 CIDEr SPICE
Greedy 38.59 18.01 31.64
Sampling 33.67 16.19  30.76
Beamssize4  40.16 15.81 31.85
Beamssize 6  41.37 19.17  32.58
Beam size 8  39.96 18.53 31.09

As shown in Table 13, beam search generally per-
forms better than greedy decoding and sampling,
indicating that multi-candidate search better ex-
ploits the aligned discriminative conditions during
concept-to-sentence generation.

Among the beam-search settings, beam size 6
achieves the best performance across all three met-
rics, with 41.37 BLEU-4, 19.17 CIDEr, and 32.58
SPICE. Increasing the beam size to 8 does not bring
further gains and slightly decreases performance,
suggesting that an excessively large search space
may introduce less suitable generations. Therefore,
beam size 6 is used as the default decoding setting
for CommonGen in the main experiments.

I Ablation Variant Definitions

This section defines the controlled variants used in
Table 3. These variants are designed to test whether
the improvements come from explicit DLM-GLM
alignment, multi-granular conditioning, and joint
tuning, rather than from simply adding contin-
uous prefixes or additional trainable parameters.
All variants use the same GLM backbone, prefix
length, training data, and evaluation protocol as
DisCon4Gen.

Conditioning components. S only keeps only
the sentence-level condition Cg and removes the
token-level condition C; from the conditional in-
put:

Econd = [Cs§ ET’}- (39)

T only keeps only the token-level condition C; and
removes Cg:

Econa = [Ct; ET’]- (40)
These variants evaluate the individual contributions

of global semantic conditioning and local semantic
conditioning.

Training mechanism. w/o0 LoRA removes LoRA
modules from the GLM and only trains the
conditioning-related modules, while the GLM
backbone remains frozen. This variant tests
whether external semantic conditions alone are suf-
ficient for adapting the generator.

w/o Init. keeps the same conditioning archi-
tecture but does not initialize the projectors from
manifold geometric alignment. Instead, the projec-
tors and conditioning modules are randomly ini-
tialized before discriminative conditioning tuning.
This variant evaluates the importance of alignment-
based initialization.

Alignment objectives. w/o NCE removes the
contrastive loss L., from the global sentence-level
alignment objective. The remaining sentence-level
alignment relies on MSE and cosine constraints.

w/o Chunk removes the local chunk-level align-
ment loss Lepunk from the manifold geometric
alignment objective, leaving only sentence-level
alignment. These variants test whether batch-level
discriminability and local geometric alignment are
necessary for learning transferable discriminative
conditions.

Joint tuning objective. w/o S-Tune removes the
sentence-level tuning loss L., from Ls.

w/o T-Tune removes the token-level tuning loss

token Trom Lo.

These variants examine whether preserving
sentence-level and token-level conditions during
discriminative conditioning tuning improves down-

stream generation.

J Conditioning Slot Intervention Analysis

To examine whether the local conditioning slots en-
code meaningful input-specific structure rather than
merely increasing prefix length, we conduct two
controlled interventions. Permuted randomly shuf-
fles the order of token-level conditions C;, while
Cross-sample replaces the conditions of the cur-
rent input with those from another sample. The
conditioning length and model architecture remain
unchanged. The results are reported in Table 14.
Both interventions consistently reduce perfor-
mance. Shuffling the local slots causes particularly
large degradation, indicating that their ordering car-
ries useful local semantic structure. Replacing the
conditions with those from another input also hurts
performance, showing that the conditions contain
input-specific information. These results suggest
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Table 14: Intervention analysis of token-level condi-
tioning slots. CoNLLO04 reports F1 and AESLC reports

ROUGE-L.
Task Alignment Corpus Normal Permuted Cross-sample
CoNLL04 ScienceQA 78.74 47.67 64.83
CoNLL04 WikiText 73.15 54.25 67.75
AESLC ScienceQA 41.88 28.54 35.45
AESLC  WikiText 35.85 26.04 33.40

that the local slots serve as structured semantic con-
ditions rather than functioning only as additional

continuous prefix tokens.
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